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Abstract
Hydrologic models are widely used to determine the occurrence and severity of droughts,
and to aid in the decision making process for reducing drought impacts. These models
apply approaches including water and energy balance equations to determine water
availability at field to continental scales. One challenge in implementing hydrologic
models at regional to continental scales is the lack of data with sufficient spatial
and temporal resolution to represent actual conditions within the study domain. If
such data are available, the challenge remains how best to find, access, and process
the information contained within the datasets so that it can be used within hydro-
logic models. The overarching goal of this work is related to both these data-related
challenges of modeling regional-scale hydrologic systems, as well as to the hydrologic
science challenges of quantifying water storage within regional-scale hydrologic sys-
tems. Three research studies are presented that address specific challenges as they
relate to estimating high resolution, large-scale water storage and drought severity at
seasonal and interannual scales in South Carolina.
The first study adopts a water balance approach whereby the rate of change of
water stored within sub-watersheds, defined as the drainage area between streamflow
gaging stations, is estimated from observed streamflow and precipitation along with
evapotranspiration estimates from North American Regional Reanalysis (NARR) pro-
gram. Water storage estimates from the water balance approach are compared to
groundwater level observations across the state as a means for evaluating the ac-
curacy of the estimates. The results of this study provide insights into how water
v
storage decreases due to drought conditions and, more importantly, the complexity
of the spatial patterns in drought impacts across the state.
The second study builds on the first study by quantifying the accuracy of es-
timates of evapotranspiration across the state. Two methods for estimating evapo-
transpiration at regional scales are investigated as part of the work: simulation of
evapotranspiration using the Variable Infiltration Capacity (VIC) macro-scale hy-
drologic model and remote sensing of evapotranspiration using Moderate Resolution
Imaging Spectroradiometer (MODIS) derived estimates. The results of this analysis
show that, when VIC-derived evapotranspiration are applied within a water balance
framework, estimates of changes in water storage match better with estimates of
water storage from the Gravity Recovery and Climate Experiment (GRACE) Ter-
restrial Water Storage (TWS) anomalies product. Therefore it was concluded that
VIC-derived estimates of evapotranspiration were nearer the true values of evapo-
transpiration for the study area and period of analysis.
The third study advances on prior work by addressing methodological challenges
associated with applying large-scale hydrologic simulation models. Specifically, the
work presents an application of the VIC model within a data management cyber-
infrastructure system created for the DataNet Federation Consortium (DFC) that
leverages the integrated Rule Oriented Data System (iRODS) in order to automate
the data gathering and processing steps needed to apply the VIC model. This cy-
berinfrastructure allows for the creation of a larger, more detailed, and better eval-
uated VIC model to analyze drought conditions in North and South Carolina river
basins. The integration of VIC model data processing using iRODS within DFC cy-
berinfrastructure facilitates automation of the data collection, processing, curation,
preservation, and replication of VIC input and output files. Finally, this improved
methodology allows for easier sharing, reproducibility, and documentation of large-
scale hydrologic simulation models.
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In summary, the research presented in this dissertation advances knowledge of
South Carolina water resources, specifically how drought impacts water availabil-
ity within the State. It also advances hydrologic analysis of regional-scale systems
through the application of data-driven water budget estimations. These types of
analysis techniques are well-suited for state-wide water resources management, and
are data intensive, but do not require sophisticated models. A third contribution
of this work is an approach for building cyberinfrastructure needed to address data
management challenges when applying state-of-the-art hydrologic models to regional-
scale hydrologic systems. Given that data availability is rapidly increasing through
the deployment of sensor networks and remote sensing instruments, approaches like
the one developed through this study are needed to better techniques for handling
the data life-cycle associated with performing hydrologic model simulations.
vii
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Chapter 1
Introduction
Extreme weather and climate events can have deep impacts on the environment of
the affected regions (Ruiz-Barradas and Nigam, 2006b). Events such as the severe
drought in South Carolina during the period 1998-2002 support this claim. This
drought event, caused by decreased precipitation of 10-30% from normal levels, re-
sulted in reduced groundwater levels, lake levels, and streamflow across the state
(Badr et al., 2004; Gellici et al., 2004). The drought presented challenges in meeting
the water supply demands for domestic and industrial purposes, and also intensified
water right issues on the rivers shared with neighboring states (Sabo et al., 2010).
Projected population increases and increased uncertainty of future weather conditions
due to climate change will only intensify problems caused by future drought condi-
tions, making timely determination and decision making during times of drought very
important in reducing negative impacts.
Hydrologic modeling and analysis has been shown to be an effective tool for
quantifying water availability for present and future conditions under different sce-
narios (Lettenmaier et al., 1999; Rossi et al., 2008; Tung and Haith, 1995; Legesse
et al., 2003; Wurbs et al., 2005). By linking meteorological processes to hydrological,
ecological, and soil processes at different spatial and temporal scales, hydrologic mod-
els and analysis tools can be used to forecast future conditions or test proposed water
management scenarios. One of the most basic tools used by hydrologists is a water
balance approach whereby meteorological processes are synthesized with hydrological
processes to quantify residual water that represents available water storage at local
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to regional scales (Gerten et al., 2004; Yang et al., 2008; Wang et al., 2009). At an
increased level of sophistication and complication, hydrologic models can be used to
simulate mechanistic processes including soil and vegetation dynamics to understand
non-linear hydrologic system responses (Meselhe et al., 2009), and these simulations
can be applied to large-scale basins across the globe (Liang et al., 1994, 1996; Lak-
shmi et al., 2004; Troy et al., 2008). Beyond these approaches, another powerful tool
available to hydrologists is satellite remote observation of hydrologic conditions. An
example of this is the Gravity Recovery and Climate Experiment (GRACE) product
that provides a means of monitoring changes in the terrestrial water storage at re-
gional to global scales (Swenson et al., 2003; Rodell et al., 2004, 2007; Landerer and
Swenson, 2012).
There are important advantages and disadvantages to these three approaches –
water balances, simulation, and remote sensing – that must be understood when ap-
plying the approaches for water resource assessments. For example, the water balance
approach can be successfully applied to a wide range of hydrological problems at var-
ious spatial and temporal scales (Hirschi et al., 2006, 2007; Yang et al., 2007; Wang
and Cai, 2009). However, one of the major challenges in applying the approach is
obtaining sufficiently accurate input datasets to define hydrologic fluxes across water
storage units. Physically-based models are capable of representing the local scale vari-
ability by simulating non-linear processes at a high spatial resolution. However, these
models are data intensive and require thorough calibration and validation, which can
be difficult with available datasets (Feyen et al., 2000). Remote sensing data, such as
the GRACE Terrestrial Water Storage (TWS) change product, is readily available at
a global scale to quantify available water (Swenson et al., 2003). However, this direct
water storage estimate has limitations in the spatial scale at which it can be applied
and requires calibration before applying to specific regions (Landerer and Swenson,
2012). Because each approach has advantages and disadvantages, this dissertation
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aims at conducting studies that make use of all three approaches to gain a more
complete picture of water storage in South Carolina.
In the first study, a water balance model is used for quantifying water storage
for regions in South Carolina for the period of 1998-2007. The specific water bal-
ance approach used builds from the Precipitation, Evapotranspiration and Runoff
(PER) approach (Zeng et al., 2008) and is applied to estimate water storage in terms
of rate of change of terrestrial water storage. The study area is divided into 54
sub-watersheds defined by the drainage area between consecutive streamflow gaging
stations and derived using flowline and catchment feature classes from the National
Hydrography Dataset (NHD) and the NHDPlus program, along with terrain pro-
cessing algorithms that were operated on the National Elevation Dataset (NED). In
each of these sub-watersheds, observed precipitation from Parameter-Elevation Re-
gressions on Independent Slopes Model (PRISM) Group, observed streamflow from
United States Geological Survey (USGS), and estimated evapotranspiration from
North American Regional Reanalysis (NARR) program are combined on a monthly
time step to estimate changes in water storage as a function of time. This quan-
tification of water storage is then compared to observed groundwater levels and this
comparison shows evidence of annual and interannual variations as well as drought
impact. The correlation of water storage estimates with observed groundwater level
provides evidence of the level of connectivity between surface and subsurface water
for different regions of the state.
The second study aims at improving evapotranspiration estimates beyond the
coarse spatial-scale data provided through the North American Regional Reanalysis
(NARR) program, which is used in the first study. Two new approaches are applied
in order to better capture the actual evapotranspiration during the period of 2000 -
2007. The first approach focuses on estimating monthly evapotranspiration using the
Variable Infiltration Capacity (VIC) model with spatial resolution of 1/8th of a de-
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gree and the second approach uses a Moderate Resolution Imaging Spectroradiometer
(MODIS) derived approach for estimating evapotranspiration with spatial resolution
of 1 km. Both evapotranspiration estimates are synthesized with observed precipi-
tation and streamflow within the water balance approach for the sub-watersheds in
the study region. In this second study, a water balance calculation is applied to 44
sub-watersheds derived using a methodology that improved on the methodology used
in the first study. The estimated water storage using two different evapotranspiration
are evaluated with independent observations of GRACE TWS anomalies product and
groundwater levels observations.
The third and final study investigates the application of novel cyberinfrastructure
to improve on the methodology for constructing, sharing, validating, and documenting
a sophisticated hydrologic simulation model such as VIC. VIC, like other hydrologic
simulation models, requires a significant amount of time and resources to collect and
process the data required to parameterize, calibrate, and evaluate the model. To
address this challenge, the sequence of steps required to create the input files for VIC
were implemented into automated workflows using the Integrated Rule-Oriented Data
System (iRODS). The automated workflows executed both the data preparation steps
as well as the post-processing steps required to create visualizations and analyzes of
drought conditions from the model outputs. The work advances on a goal within the
hydrologic community to create community hydrologic models by providing a means
for sharing model inputs, processing routines, model codes, and model outputs using
a state-of-the-art data management system.
Following this introduction is a background section that provides an overview
of the period of drought in South Carolina that is analyzed across all three stud-
ies, an overview of the water balance framework used as the conceptual foundation
for the first two studies, and background material on evapotranspiration, which is
the focus of the second study. Background information is also provided for the VIC
4
model workflow implementation using iRODS to provide context for the work de-
scribed in this dissertation. Following this background chapter, the three studies are
presented in a manuscript style following the conventions outlined by the University
of South Carolina Graduate School in the Electronic Thesis and Dissertation For-
matting Guide. These manuscripts have been coauthored, so when first person is
used in the manuscripts, the plural rather than the singular form is used. Finally the
conclusions chapter presents general conclusions across all three studies.
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Chapter 2
Background
This chapter first presents background on the 1998-2002 drought experienced in South
Carolina, followed by background on the water balance framework used to estimate
water storage for sub-watershed in South Carolina. Next a brief overview on the
importance of reliable input datasets for regional-scale watershed modeling is pre-
sented, with an emphasis on evapotranspiration. The application of the VIC model
for estimating evapotranspiration is discussed, followed by a discussion on the use
of MODIS remote sensing imagery for estimating evapotranspiration. Finally, back-
ground on Integrated Rule-Oriented Data System and its application to automate the
procedures of collection and processing sourced datasets, curation, preservation, and
replication of the large amount of processed datasets for VIC model are presented.
2.1 The Impact of the 1998-2002 Drought on South Car-
olina Water Resources
Although South Carolina typically has an adequate supply of clean water, the state
does experience periods of drought. One such period of drought that stretched across
the state was from 1998 to 2002. During this period, precipitation fell to 10-30%
below-normal levels. As a result of this decrease in precipitation, there was a notice-
able decrease in groundwater and lake levels, as well as streamflow across the state
(Badr et al., 2004). The impact of the drought was observed at a number of ground-
6
water table depth, lake level, and streamflow stations throughout the state (Figure
2.1).
Figure 2.1: Locations of the monitor wells, lakes levels and stream gages used for
drought study (from Gellici et al., 2004).
The impact of the drought on groundwater levels was measured at wells located
in all three of the major aquifers systems within the state. Taking the water levels
observed at the 27 wells together, there was an average decrease of 7.7 feet in the
state during the drought period. Wells in the Surficial and Southeastern Coastal
Plain aquifers saw groundwater levels decrease by 8.7 feet, compared to only a 4.7
feet decrease for wells in the Piedmont and Blue Ridge aquifers (Gellici et al., 2004).
The variability across wells was significant with some wells showing no change or even
a slight increase in water levels. Most wells, however, showed a consistent decrease
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in groundwater levels during the period of drought. Wells in the Piedmont aquifers
showed an annual decrease between 0.4 and 1.9 feet, while wells in the central part
of the state in Southeastern Coastal Plain aquifers showed the decrease between 0.5
to 1.1 feet. Wells in the Surficial aquifers showed the highest annual decrease with a
large variation ranging between 0.3 to 8.9 feet. The lowest water level was monitored
in the Well CHN-14 in the Surficial aquifers with a decrease of 44.5 ft during the
period of drought (Figure 2.2).
Figure 2.2: Temporal variation of groundwater level at Well CHN-14 during the
period of drought from 1998-2002 (from Gellici et al., 2004).
Water levels were monitored in nine lakes in South Carolina, most located in the
Piedmont and Blue Ridge regions of the state. During the drought, the water level in
these lakes decreased to record lows. Among the nine lakes, three maintained water
levels at or near operating levels, but the other six did not. The highest water level
was in Lake Greenwood, which is in the Broad/Saluda River Basin, and was only 1.8
feet below operating level during the drought. The lowest water level was found in
Lake Jocassee, located in the Savannah River Basin, which was 24.9 feet below the
operating level (Figure 2.3). The lakes in the Santee River Basin above the Surficial
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aquifers (Lake Marion and Lake Moultrie) decreased to 5.0 feet below operating levels
(Gellici and Badr, 2004).
Figure 2.3: Temporal variation of lake level at Lake Jocassee during the period of
drought from 1998-2002 (from Gellici et al., 2004).
Streamflow largely depends on rainfall and groundwater discharge to streams.
Therefore, decreases in precipitation and groundwater levels during the drought re-
sulted in low or no streamflow in many of the rivers in South Carolina. It is evident
from the records of streamflow for unregulated streams that the actual daily average
streamflow was lowered to half of the statistical daily average streamflow for many
streams in the state (Kiuchi, 2004). Regulated streamflow management in the Sa-
vannah, Saluda, and Congaree River, however, improved streamflow conditions by
the constant release of flow according to drought contingency plans. Also, unregu-
lated withdrawal of water from rivers shared with the neighboring states limited the
streamflow availability in the South Carolina. For example, the streamflow in the Pee
Dee River, which is shared with North Carolina, was reduced from 8,000 cfs to 300
cfs during the drought years (Gellici and Badr, 2004). Moreover, streamflow recorded
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at the Galivants Ferry monitoring station, located on the Little Pee Dee River, was
at historical lows during the drought event (Figure 2.4).
Figure 2.4: Temporal variation of streamflow at Little Pee Dee River at Galivants
Ferry (Station 02135000) during the period of drought from 1998-2002 (from Gellici
et al., 2004).
2.2 Water Balance Framework
One impact of the drought was a reminder that, while South Carolina typically has
sufficient water resources, droughts that have large impacts on the state’s water re-
sources are still possible. This reminder, along with increased uncertainty regarding
future weather conditions due to climate change and increased demands on water re-
sources due to population growth, make the accurate assessment of water availability
within the state an important goal. A simple way to quantify the available water
in South Carolina river basins is in terms of rate of change of water storage using a
water balance model (Beven, 2002). In this case, all forms of water storage above and
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below the soil surface are considered as part of the terrestrial water storage (TWS)
term. It is very important to apply appropriate approaches to measure TWS and its
individual components for sustainable water management at the basin-scale.
A number of approaches have been proposed to estimate the rate of change in
water storage (Troch et al., 2007). At a basin-scale, the Moisture Convergence minus
Runoff (MCR) approach can be applied to relate terrestrial water storage to measured
streamflow, and both atmospheric moisture convergence and change in atmospheric
moisture content derived from continental-scale reanalysis model datasets (Rasmus-
son, 1967; Yeh et al., 1998; Seneviratne et al., 2004; Hirschi et al., 2006). However,
reanalysis components in this approach are unable to capture local variability at the
basin-scale due to the low spatial resolution of available estimates (Hirschi et al.,
2007). On the other hand, the Precipitation, Evapotranspiration, and Runoff (PER)
approach uses both observational and estimated data in the water balance framework
for estimating rate of change in water storage in the surface environment (Zeng et al.,
2008). Due to the incorporation of observational data in the framework, this approach
is considered more robust compared to the MCR approach (Zeng et al., 2008). The
approach has been applied for several river basins around the World to estimate water
storage, and the approach has been shown to provide accurate estimates of annual
and interannual terrestrial water storage dynamics (Zeng et al., 2008). A third ap-
proach is to use GRACE satellite observations to detect changes in terrestrial water
storage (Swenson et al., 2003; Tapley et al., 2004). The gravity measurements by the
National Aeronautics and Space Administration (NASA) GRACE satellite mission
are converted to produce estimates of changes in water storage in terrestrial regions
on a monthly time scale (Rodell and Famiglietti, 1999; Tapley et al., 2004). The
estimated terrestrial water storage product includes groundwater, soil moisture, and
snow at a 1◦ resolution. Although the GRACE product is a good source of informa-
tion for estimating change in terrestrial water storage, it may not be appropriate for
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small basins due to the fact that spatial extent may introduce error to the estimates
(Swenson et al., 2003).
While the PER approach has been shown to be a robust approach for in estimat-
ing water storage at different scales, the accuracy of the approach depends on access
to the sufficiently high resolution input datasets. Although the observed datasets
of streamflow and precipitation are considered reliable, estimates of evaporation at
a regional scale remains a challenge. As will be shown in the study presented in
Chapter 3, the large decreases in water storage estimates using PER approach in
the study region are most likely due to over estimation of evapotranspiration by the
NARR product. This study also provided evidence that, even if the NARR product
is adjusted using a correction factor that ensures no net change in water storage over
the period of study, the NARR evapotranspiration estimates do not capture local
variability across the state due to the spatial resolution of the dataset. Therefore,
this study concluded that there is a need for improved estimates of evapotranspiration
for quantifying water storage accurately.
2.3 Evapotranspiration
Estimation of evapotranspiration at a regional spatial scale is challenging due to
variations in soil properties and vegetation that are difficult to accurately quantify.
Although methods for observing evapotranspiration at a local spatial scale are well
established, methods decrease in accuracy when considering regional spatial scales.
Therefore, two approaches for approximating evapotranspiration are assessed through
a study presented in Chapter 4 in terms of their ability to capture regional scale water
balances. In the first approach, a macro-scale hydrologic simulation model is applied
using observed and estimated meteorological data along with soil and vegetation
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data. In the second approach, MODIS satellite data is used as an alternative means
for measuring regional-scale evapotranspiration.
As a semi-distributed, macro-scale hydrological model, VIC simulates complex
interactions of water, energy, and vegetation using soil properties and meteorological
forcing for a grid-based discretization of the land surface (Liang et al., 1994, 1996).
The sub-grid variability of the land surface vegetation classes and soil moisture storage
capacity are captured by using statistical operations (Gao et al., 2010). The nonlinear
vertical movement of soil moisture from the lower soil zone to base flow captures
interannual soil moisture behaviors, while top and mid soil moisture responds to
daily and seasonal variations. VIC has been successfully applied to model a number
of large river basins in United States (Abdulla et al., 1996; Wood et al., 1997; Shi
et al., 2008) and has been shown to accurately simulate and forecast streamflow and
other hydrologic variables at the river basin scale (Wood et al., 2002, 2005; Wood
and Lettenmaier, 2006). Therefore, VIC was selected as a viable tool for estimating
regional-scale evapotranspiration for the study region.
Remote sensing has been shown to be an effective means for estimating regional-
scale (Ambast et al., 2002; Cleugh et al., 2007; Seguin et al., 1994) to global scale (Mu
et al., 2007) evapotranspiration. There are several approaches for applying remote
sensing data for hydrologic analysis, many of which also take advantage of ground-
based observations and meteorological data for reanalysis programs. In one approach
for estimating evapotranspiration, the Priestley-Taylor equation (Priestley and Tay-
lor, 1972) is applied using all three types of data: remote sensing, ground-based ob-
servations, and meteorological data from reanalysis programs (Wang et al., 2006; Gao
and Long, 2008). However, this approach was shown to be limited due to difficulties
in determining accurate Priestley-Taylor coefficient values at a regional spatial scale
(Sun et al., 2009). In another approach, Mu et al. (2007) derived evapotranspiration
only using ground-based meteorological observations and MODIS data to estimate
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evapotranspiration using the Penman-Monteith equation (Monteith, 1965). A com-
parison between the two methods showed that the Mu et al. (2007) methodology
generates evapotranspiration with higher accuracy (Gao and Long, 2008; Timmer-
mans et al., 2007).
Both evapotranspiration estimates, VIC and MODIS, were evaluated in terms of
how well they were able to close the water budget for the study area. The application
of the VIC model is a time, data, and resource intensive operation. Applying the
model requires the collection of large amount of data from heterogeneous external
sources as well as processing of these datasets before they can be used in a VIC
model. The data preparation steps consume a significant amount of storage and
computational capacity. Moreover, the need for human intervention to implement this
workflow introduces a potential source of error and delays to the process. Therefore,
overcoming these technical challenges that limit the application of models such as
VIC for water resource management is an important problem facing the hydrologic
community.
2.4 Data Management Cyberinfrastructure
Data management cyberinfrastructure will likely play a significant role in future ap-
plication of regional-scale hydrologic simulation models. The flexibility provided by
the infrastructure enables the coordinated use of distributed and heterogeneous data
and computing resources (Cybok, 2006). The authenticated access and management
of resources composed into a specified workflow can be used to automate the data
collection and management needs for large-scale hydrologic models. The coordination
of the tasks is such that it defines inter-related tasks and executes a large number
of tasks in a sequential manner automatically (Sadiq and Orlowska, 2000). The
beneficial features of sequential task implementation and data management has the
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potential to transform how we construct, share, and document hydrologic simula-
tion models. Therefore, appropriate workflow and data management infrastructure
is gaining interest in the geosciences and engineering for large model execution and
data curation.
The Integrated Rule-Oriented Data System (iRODS) is a data grid cyberinfras-
tructure system that facilitates policy-driven workflow management in a grid envi-
ronment (Weise et al., 2008). The iRODS (Moore et al., 2009) is an open source
cyberinfrastructure, developed by the Data Intensive Cyber Environments (DICE)
group as the successor to the Storage Resource Broker (SRB) (JaJa, 2005) with sig-
nificantly enhanced functionality. The enhanced functionality offers automatic access
to heterogeneous external sources and large scale data analysis. The iRODS sepa-
rates itself from the SRB using policies as rules that automate the process of data
management within a data grid (Weise et al., 2008).
As a policy-driven and distributed data management system providing the abil-
ity to manage large amounts of data in a network (Moore et al., 2010), iRODS uses
data management policies in terms of rules to facilitate data collection and manage-
ment in the grid. The iRODS provides the opportunity for users to create their own
sets of rules to manage digital data (Weise et al., 2008). Each rule accomplishes a
particular task and iRODS is capable of integrating rules to execute multiple tasks in
sequence by a single operation. Rules consist of basic functions (micro-services) that
are created by users or administrators to organize and structure their data. The rules,
integrated with micro-services in the iRODS, also offer the opportunity to execute
data pre and post-processing (Weise et al., 2008) for workflow based models. Given
these advantages of iRODs, the third study in the dissertation, which is presented
in Chapter 5, is to demonstrate how iRODS can be applied to automate the data
preparation steps required for running VIC. The result of this work is a means for
applying the VIC model for state-level water resource management (drought man-
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agement in particular) that is more robust in terms of gathering, synthesizing, and
processing data resources required by the VIC model. The VIC model application
produces detailed data products describing the hydrology of the study region that
are analyzed to gain new insights into drought dynamics for the state.
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Chapter 3
Annual and interannual variations in
terrestrial water storage during and
following a period of drought in South
Carolina, USA 1
3.1 Abstract
The goal of this research is to quantify variations in both space and time of water
stored in the terrestrial environment within South Carolina during and following a
period of drought. We use a water balance approach that synthesizes observed and
modeled hydrologic fluxes for sub-watersheds defined by the drainage area between
streamflow gaging stations. We apply the approach for the period 1998-2007 to study
the impact of a drought that occurred during the early part of this time period on
terrestrial water storage within the state. Results from the analysis provide evidence
of distinct annual and interannual variation in water storage for different regions of
the state, with the fall season having a water surplus and spring season exhibiting
a water deficit. The impact of the drought varied for different regions of the state
depending in part on hydrogeological conditions including soil type and depth to the
groundwater level. Comparing estimates of rate of change in terrestrial water stor-
age with observed groundwater levels, as an independent validation of the terrestrial
1Billah, M.M., Goodall, J.L. Journal of Hydrology, 2011 doi:10.1016/j.jhydrol.2011.08.045.
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water storage estimations, shows that many of the sub-watersheds within the state
exhibited similar patterns between variation of rate of change in terrestrial water
storage estimates and observed groundwater levels during the period of analysis, as
expected. However, some sub-watersheds did not follow general annual and inter-
annual variations in groundwater level or in estimated rate of change in terrestrial
water storage relative to neighboring sub-watersheds. We speculate that these ab-
normalities may be related to human influences that alter local water storage trends
within specific sub-watersheds of the state, however future work is needed to further
investigate this possible explanation. We conclude through this study that the water
balance approach presented is a simple yet valuable means for estimating variations
in water availability at a regional spatial scale by synthesizing existing observations
and model output data within a geospatially-explicit context.
3.2 Introduction
South Carolina experienced a severe drought between 1998 and 2002. During this
time, precipitation decreased by 10-30% from normal levels resulting in reduced
streamflows and groundwater levels throughout the state (Badr et al., 2004; Gellici
et al., 2004). The drought presented challenges to the state such as meeting water
supply needs for human and industrial purposes, salt water intrusion in the coastal
region of the state, and decreased water levels in lakes and groundwater aquifers.
The drought intensified water rights issues in the state as well because South Car-
olina shares two of its major river basins with neighboring states: the Savannah River
with Georgia and the Catawba River with North Carolina. Growing water demands
and increased hydrologic variability due to global climate change (Oki and Kanae,
2006) will likely intensify the challenges faced by the state during future droughts.
Other regions of the world facing similar challenges also require techniques for un-
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derstanding regional water resources under a variety of demands and stresses. We
present research that investigates an approach for quantifying regional scale water
balances through an application case study for river basins whose rivers flow through
South Carolina.
Hydrologic modeling and analysis can aid in this problem by providing esti-
mates of future water availability under changing conditions such as climate change,
land use change, and increasing water demands (e.g., Lettenmaier et al., 1999; Rossi
et al., 2008; Tung and Haith, 1995; Legesse et al., 2003; Wurbs et al., 2005). De-
tailed, physically-based models of regional-scale hydrologic systems used to address
such questions can be problematic for reasons that have been well described in the
literature (e.g., Grayson et al., 1992; Jakeman and Hornberger, 1993; Beven, 2002;
McDonnell et al., 2007). Part of the problem has been that, at the river-basin-scale,
hydrology is subject to complex interactions between physical, biological, and so-
cial systems, and no model is capable of addressing all of the interactions at play
in watershed systems. Furthermore, those models that do attempt to simulate such
interactions are difficult to parameterize and calibrate at a regional scale due in part
to a lack of data describing system parameters, initial conditions, and boundary con-
ditions. This leads to the need for uncertainty analysis both in terms of process
representations, system parameters, and forcing data (Minville et al., 2008; Yang
et al., 2008; Fekete et al., 2004; Christensen and Lettenmaier, 2007).
Alternative approaches have been proposed for estimating basin-scale water re-
sources that include developing statistical tools for time series records (e.g., Novotny
and Stefan, 2007), analyzing of components of the hydrologic cycle (e.g., baseflow
recession as in Wang and Cai, 2009), or using semiemperical relationships for coupled
water-energy balances such as the Budyko hypothesis (Wang et al., 2009; Yang et al.,
2007). One such approach, developed and applied primarily in the climate science
community for quantifying changes in basin-scale water resources, is the so called
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Moisture Convergence minus Runoff (MCR) approach (Rasmusson, 1967; Senevi-
ratne et al., 2004; Yeh et al., 1998). In this approach, water balance equations for
the terrestrial and atmospheric portions of the hydrologic cycle are equated to es-
timate the rate of change in terrestrial water storage (TWS). TWS is a term that
includes all stores of water within the terrestrial environment including soil mois-
ture, snow, groundwater, and surface water. The MCR approach has been applied to
river basins within Europe, Asia, North America, and Australia (Hirschi et al., 2006,
2007), demonstrating that the MCR approach can successfully estimate TWS on a
monthly time step after comparing estimates with independent measures of TWS
including soil moisture, groundwater levels, and snow depths. More recent work by
Zeng et al. (2008) proposed a modification to the MCR approach where, instead of
equating water balance equations for the surface and atmospheric systems, the surface
water balance equation is solved directly by using observations of precipitation and
stream discharge along with estimates of evaporation derived from climate reanalysis
to quantify changes in TWS. This approach, termed the Precipitation, Evapotran-
spiration, and Runoff (PER) method, was shown to be more robust in estimating
TWS for the Amazon Basin and the Mississippi Basin when compared to the MCR
approach and validated against independent estimations of TWS components (Zeng
et al., 2008). Details of the PER method and how it compares to the more commonly
used MCR method are provided in the Methodology Section of this paper.
One of the major challenges in applying a water balance method is quantifying
evapotranspiration at a regional spatial scale. The North American Regional Re-
analysis (NARR) product is considered to be best of the renalysis datasets, in part
because it has an improved land surface model (Ek et al., 2003; Ruiz-Barradas and
Nigam, 2006a). Another possible means for quantifying evapotranspiration is using
remote sensing products. This approach is promising, although it requires calibrate
of the remote sensing evaportranspiration estimates based on local conditions (Fer-
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guson et al., 2010), and it is uncertain if remote sensing observations of evaporation
will be effective at closing the water balance (Sheffield et al., 2009). Future research
would be required to address the benefit of remote sensing derived evapotranspira-
tion estimates compared to NARR evaporation estimates. Despite the uncertainty of
evapotranspiration estimates, a comparative analysis of the estimated evapotranspi-
ration from different climate model and reanalysis datasets (ERA40, NCEP2, NARR,
and SLand) in the PER model suggested that evapotranspiration estimates have a
small variation relative to difference between observed precipitation and streamflow,
therefore capturing variation in precipitation and streamflow is most important for
estimating the rate of change in TWS (Zeng et al., 2008).
In this paper we use the PER method with NARR estimates of evapotranspira-
tion to understand how water resources within South Carolina responded during and
following the 1998-2002 period of drought. Using observational data from stream-
flow and precipitation monitoring networks along with estimations of evaporation
from climate model reanalysis products, we estimated rate of change in TWS on a
monthly time step for 54 sub-watersheds where stream inflow and outflow were mon-
itored for the period 1998-2007. The sub-watersheds were defined using geospatial
data describing the terrain, hydrography, and streamflow gaging network and account
for 60% of the surface area within the state. We then compared estimates of rate
of change in TWS obtained using the PER method with groundwater levels in the
state to determine how both measures of water storage varied during and following
the period of drought.
The change in TWS measured from GRACE observations, while being a good
source for independent validation of the estimated change in terrestrial water storage
derived from various land surface hydrologic models (Wahr et al., 2004), is not appro-
priate for this study do to the scale of the sub-watersheds used. Swenson et al. (2003)
showed that the accuracies of measuring monthly change in TWS from GRACE are
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better than 1 cm of equivalent water thickness with spatial extent of 4.0 × 105 km2
or larger, and these accuracies increase with the increase in the spatial extent. Given
that the total area of South Carolina is one-fourth the recommended area for ap-
plication of GRACE data, we could not justify the use of GRACE as a means for
validating our analysis estimates of change in TWS.
Following a brief description of the study area, we next describe our methodology
for the study including a more detailed description of (1) the water balance method on
which this analysis is based, focusing in particular on how the PER method compares
to the more common MCR method for estimating rate of change in TWS and (2) the
datasets and data preparation steps carried out as a part of the analysis. We next
discuss the resulting estimates of the rate of change in TWS for the state summarized
in space and time, including a comparison between rate of change in TWS estimates
and observed groundwater levels. Finally we conclude with a discussion of the benefits
and weaknesses of the PER approach for estimating rate of change in TWS, and
suggest future directions needed to improve the approach as a tool for regional-scale
water resources management.
3.3 Study Area
South Carolina is located in the Southeastern United States and has an area of
82,930 km2 (32,020 mi2) from latitude 32◦02′N to 35◦13′N and longitude 78◦32′W
to 83◦21′W (Figure 3.1). South Carolina receives on average 1220 mm (48 in) of
precipitation annually, mostly in the form of rainfall. Precipitation over the state is
fairly consistent for different seasons, although the coastal plain region of the state
does receive more precipitation in the summer relative to other seasons, while the re-
maining parts of the state generally receive more precipitation in the spring months.
South Carolina has hot and humid summer months with daytime temperatures aver-
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Figure 3.1: Map of the study area showing gaged sub-watersheds, aquifers (a) Pied-
mont and Blue Ridge aquifers (b) Southeastern Coastal Plain aquifers (c) Surficial
aquifers
aging between 30-34 ◦C (86-93 ◦F) for most of the state. In winter months, daytime
temperatures in the coastal plain average 16 ◦C (60 ◦F) and decrease as one travels in-
land. The Savannah, Pee Dee, Santee, and Edisto Rivers are the largest rivers within
the state, and each of these rivers plays a major role in agricultural and industrial
practices. All but one of the rivers in South Carolina are shared with neighboring
states. The exception is the Edisto River whose entire watershed is within the state
boundaries (Badr et al., 2004).
South Carolina has three distinct aquifer systems (Figure 3.1): the Piedmont
and Blue Ridge crystalline rock aquifers in the northwestern portion of the state,
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the Southeastern Coastal Plain aquifer system in the central part of the state, and
the Surficial aquifer system in the coastal region of the state (Miller, 1990). The
Piedmont and Blue Ridge crystalline rock aquifers consist of bedrock overlain by
unconsolidated material. While the overall hydraulic characteristics of the aquifer are
similar, there is considerable local variability due to heterogeneous rock types in the
region. Groundwater obtained from the aquifer is used for public supply, commercial
uses, and agricultural purposes within the upper region of the state (Kenny et al.,
2009). The Southeastern Coastal Plain aquifers in South Carolina consist of sand or
highly permeable limestone as well as confining layers composed of clay, silt or low
permeable limestone that slow the infiltration of water to the aquifer system. The
aquifers are primarily recharged by diffuse deep drainage and discharge into the upper
or lower coastal plain rivers (Aucott and Speiran, 1985). The Surficial aquifer system
is unconfined and water entering the aquifer system is discharged quickly as baseflow
to streams. This aquifer in particular is prone to saltwater intrusion during periods
of drought because it extends seaward under the Atlantic Ocean. It is important to
note that, although South Carolina has groundwater resources, 95% of the freshwater
used in the state comes from surface water rather than groundwater resources (Kenny
et al., 2009).
3.4 Methodology
3.4.1 Model Description
Terrestrial Water Storage (TWS) can be expressed by a water balance equation for
the terrestrial portion of the hydrologic cycle
∂TWS
∂t
= P − E +Rin −Rout (3.1)
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where TWS represents Terrestrial Water Storage, P is precipitation, E is evapo-
transpiration, and Rin is streamflow entering a sub-watershed and Rout is streamflow
exiting that same sub-watershed. The more traditional Moisture Convergence mi-
nus Runoff (MCR) approach used within the climate science community for solving
Equation 3.1 uses a second water balance equation for the atmospheric portion of the
hydrologic cycle
∂W
∂t
= −∇H ·Q− (P − E) (3.2)
where W is storage of water as vapor within the column of air above the watershed,
∇H is the horizontal divergence operator, and Q is the integration of the water vapor
flux over the column (Seneviratne et al., 2004). The method assumes that the rate of
change in liquid and solid water in the air column, as well as the horizontal transport
of liquid and solid water, can be neglected. Terrestrial water storage is estimated by
equating Equation 3.1 and Equation 3.2 and averaging over space and time, which
results in the elimination of the P − E term and gives
{
∂TWS
∂t
}
= −{∇H ·Q} −
{
∂W
∂t
}
− {R} (3.3)
where brackets around the term signifies that it is averaged temporally and a bar
over the term signifies that it is averaged spatially. One disadvantage of the MCR
approach is that it is limited to very large river basins with areas of at least 105 km2
because the estimation can become unreliable for smaller units due to inaccurate
estimates of evaporation (Yeh et al., 1998).
In contrast to the MCR method, in the PER method P and R are observed and
E is estimated using a land surface model so that Equation 3.1 becomes
∂TWS
∂t
= Pobs − Eest −Robs (3.4)
where the subscript “obs” signifies that the term is taken from observational records
and “est” signifies that the term is estimated using a model. The terms in Equation
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3.4 can be spatially and temporally averaged in a manner similar to Equation 3.3 to
yield Equation 3.5. {
∂TWS
∂t
}
= {Pobs} − {Eest} − {Robs} (3.5)
One disadvantage of the PER method is that it requires streamflow observations,
which are only available for select locations. Furthermore, the method requires both
stream inflow and outflow observations for sub-watersheds, and large gaps in moni-
toring of either of these flows means that PER approach cannot be applied.
Previous work applying both the MCR and PER methods for water balance
calculations has noted a systematic bias in E estimated from reanalysis products
when compared to P − R calculated from observed data (see Zeng et al., 2008 for
a complete discussion). Zeng et al. (2008) used a correction factor to adjust the
estimated E values so that the long term average of P − E∗ − R equals zero over
the entire study region, where E∗ is a corrected evapotranspiration term such that
E∗ = E + c where c is the correction factor. We determined the value of c for this
study by setting the overall change in water storage for all 54 sub-watersheds and all
120 months during the study period to zero
54∑
i=1
120∑
j=1
{Pobs i,j} −
(
{Eest i,j}+ c
)
− {Robs i,j} = 0 (3.6)
where i is a sub-watershed and j is a month during the study period. Equation 3.6
was solved for c which was then used to calculate a corrected evapotranspiration rate
E∗est. This corrected evapotranspiration estimate was then used in Equation 3.7 to
estimate rate of change in TWS with respect to time.{
∂TWS
∂t
}
= {Pobs} − {E∗est} − {Robs} (3.7)
The assumption of no change in water storage over the ten year period is difficult to
validate and may not be correct if portions of the study area experienced significant
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groundwater pumping over the period of analysis. The results of this analysis should
be interpreted in light of this simplifying assumption.
We solved a discrete approximation of Equation 3.7 on a monthly time step for
each sub-watershed identified in the state where there was a record of stream inflow
and outflow. The procedure used to construct these sub-watersheds and the data
used to quantify {Pobs}, {Eest}, and {Robs}, are described in the following section.
3.4.2 Data Preparation
The National Hydrography Dataset (NHD) provides a geographic representation of
hydrologic features on the land surface in the United States (USEPA and USGS,
2005) (Table 3.1a). The NHD includes feature classes describing the location of
streams, lakes, reservoirs, and other surface water bodies. An extension to the NHD
named the NHDPlus adds catchment features for each river reach to the 1:100,000
scale version of the NHD. The catchments are generated using the National Elevation
Dataset (NED) and terrain processing algorithms to estimate the drainage area for
each NHD Flowline feature (Johnston et al., 2009). The NHD also includes infor-
mation regarding the connectivity of river features that enables network-based flow
tracing in upstream and downstream directions.
The procedure used to calculate the sub-watersheds in our analysis (Figure 3.1)
was to first use linear referencing to locate active streamflow monitoring stations dur-
ing the study period along the NHD stream network. We then wrote an algorithm
that begins at the most downstream reach in the NHD Flowline feature class for each
river basin in the state and “climbs" the network in the upstream direction in order
to identify the next downstream monitoring station for each reach within the study
area. With this information, and because there is a 1-1 relationship between reaches
and catchments in the NHDPlus dataset, we were able to identify and then dissolve
catchments within the study region that had the same downstream monitoring sta-
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Table 3.1: Summary of geospatial and hydrologic time series data used in the study.
(a) Geospatial data
Description Source Data Type
Hydrography flow lines National Hydrography Dataset Vector (Polyline)
Flow line catchments National Hydrography Dataset Plus Vector (Polygon)
USGS streamflow gages National Hydrography Dataset Plus Vector (Point)
(b) Hydrologic time series data
Name Source Measurements Units Data Type Grid Size
Precipitation PRISM Group Dataset m3 s−1 Raster 4km
Evaporation North American Regional m3 s−1 Raster 32.5km
Reanalysis (NARR) program
Streamflow U. S. Geological Survey m3 s−1 Vector (Point) -
Groundwater level U. S. Geological Survey m from surface Vector (Point) -
1
tion. This data processing resulted in 54 sub-watersheds ranging in size from 1.20
to 3,350 km2 for which stream inflow and outflow have been observed for the period
1998-2007.
Precipitation was estimated by using the Parameter-elevation Regressions on
Independent Slopes Model (PRISM) dataset (Gibson et al., 2002) (Table 3.1b). The
precipitation data used in this analysis have a spatial resolution of approximately
4 km (2.5′) and a temporal resolution of one month. The term precipitation in
context of the PRISM dataset means all forms of water that reach the earth from the
atmosphere (i.e., rainfall, snow, freezing rain, hail, frost, or dew). Of these, rainfall
contributes the majority of water in South Carolina, although it is not uncommon for
northern parts of the state to experience snow or freezing rain. Evapotranspiration
rates were estimated by using data from the North American Regional Reanalysis
(NARR) program (Mesinger et al., 2006). The evaporation data from NARR have a
spatial resolution of 32.5 km (20′) and have a temporal resolution of one month. The
reanalysis data products are produced by running a state-of-the-art climate model
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and assimilating historical weather observational data to estimate historical weather
and hydrologic conditions.
Streamflow data within the state are collected by the United States Geologic
Survey (USGS) at more than 170 monitoring stations. We identified 152 USGS mon-
itoring stations with an adequate daily streamflow record during the period of analysis
(1998-2007). The streamflow data were downloaded using tools from the Consortium
of Universities for the Advancement of Hydrologic Science, Inc. (CUAHSI) Hydro-
logic Information System (HIS) (Maidment, 2008; Goodall et al., 2008; Horsburgh
et al., 2009). Groundwater level data from USGS wells were assembled also using the
CUAHSI HIS for comparison purposes, as described in the discussion section of this
paper.
Box and whisker plots of average monthly conditions for all sub-watersheds show
the distribution of precipitation, evapotranspiration, and streamflow values for the
study period when viewed on both an annual scale (Figure 3.2) and on a seasonal scale
(Figure 3.3). In the plots, the box represents the 25th, 50th and 75th percentiles of the
distribution while the whiskers represent the minimum and maximum values. Outliers
identified as data values more than 1.5 times larger or smaller of the Interquartile
Range (IQR) are represented in the plots as “+” marks. Seasonal variability of
streamflow in particular provides clear evidence of the 1998-2002 drought in spring,
summer, and fall months. During these periods, the entire distribution of streamflow
values was lower compared to the distribution of streamflow values during the years
following the drought.
We organized the geospatial and temporal data used in the analysis into the
spatio-temporal data model described in Goodall and Maidment (2009). In this data
model, the landscape is represented as a set of control volumes (sub-watersheds in
this case) and geospatially-referenced hydrologic time series (streamflow time series
and interpolated surfaces of precipitation and evapotranspiration in this case). Each
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Figure 3.2: Annual variations (box with 25th, 50th, and 75th percentiles, whiskers
with minimum and maximum values, and outliers observations as “+" marks) of
precipitation, evaporation, streamflow and ∆TWS/∆t in the sub-watersheds.
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Figure 3.3: Seasonal variations (box with 25th, 50th, and 75th percentiles, whiskers
with minimum and maximum values) of precipitation, evaporation, streamflow and
∆TWS/∆t in the sub-watersheds) of precipitation, evaporation, streamflow and
∆TWS/∆t in the sub-watersheds.
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control volume is related to one or more time series that describe either an inflow
or outflow for that control volume through time. Because control volumes and time
series are georeferenced, it is possible to determine the mass flux into and out of each
control volume through time. For example, the precipitation and evaporation fields
were averaged over watersheds areas as
{P,E} = 1
T
∫
{p, e}dA (3.8)
where P is the precipitation into a watershed and E is the evapotranspiration exiting
a watershed and both are expressed in flow rate dimensions [m3 s−1], A is the area of
a given watershed [m2], p is monthly precipitation and e is the monthly evapotranspi-
ration for the sub-watershed accumulated over the time period T [s] and expressed in
length dimensions [m]. The organization of the data within the data model facilitated
our ability to write code to estimate rate of change in TWS on a monthly time step
using a discrete approximation of Equation 3.7 to estimate changes in TWS for all
sub-watersheds identified in the study region.
3.5 Results and Discussion
3.5.1 Annual Variations of Rate of Change in TWS
Box and whisker plots of average monthly rate of change in TWS show the distribution
of these values for the study period on an annual scale (Table 3.2, Figure 3.2). Figure
3.2 shows that the median rate of change for most of the years in the analysis was
negative. Stated differently, this means that sub-watersheds in the state tended to
lose water during the majority of the years of the study period, but gained water at
a high rate during a few wet years. Figure 3.2 also shows that the median rate of
change in TWS increased for each of the drought years. That said, the rate remained
negative during the early period of the drought meaning that the region was still
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Table 3.2: Annual rate of change in terrestrial water storage (m3 s−1) for all sub-
watersheds.
Year Avg STD Min 25% Med 75% Max
1998 -26.9 25.0 -63.0 -48.9 -15.3 -10.7 8.8
1999 -6.5 13.9 -28.2 -12.9 -7.4 -1.3 24.0
2000 -4.4 17.9 -28.8 -22.4 -1.0 4.9 22.5
2001 -2.7 11.9 -33.2 -6.3 0.3 3.8 12.4
2002 7.0 12.8 -16.0 -0.3 10.2 15.6 23.8
2003 -16.2 18.8 -45.8 -30.7 -13.1 -0.4 8.7
2004 -4.0 15.5 -36.5 -10.2 -2.0 3.4 26.4
2005 -10.3 18.7 -52.7 -18.2 -9.9 6.1 13.6
2006 -0.9 20.3 -23.0 -17.7 -5.4 9.3 46.1
2007 -3.2 21.6 -29.0 -20.0 -3.1 6.8 43.1
1
losing water during this period of time, but doing so less rapidly until the end of the
drought (2001 and 2002) when the sub-watersheds actually began to gain water.
This result of a positive rate of change in TWS for the last two years of the
drought was somewhat surprising, but could possibly be explained by a reduction of
in stream discharge due to the drought. Because net streamflow decreased during
the drought years (R ↓), P − E became more significant in estimating the rate of
change in TWS. From a mechanistic perspective, a possible explanation for this result
is a decrease in the soil moisture caused by the drought. Because of this decrease
in soil moisture, a greater portion of P − E infiltrated and recharged groundwater
resources and therefore did not result in runoff and increased stream discharge rates.
Therefore, during this period ∆TWS/∆t actually increased because of an increase
in the portion of P −E that contributed to recharge rather than runoff. In the years
following the drought (2003-2007), the sub-watersheds were wetter, in general, so a
greater portion of P−E became runoff and did not contribute to increasing the TWS.
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Table 3.3: Seasonal rate of change in terrestrial water storage (m3 s−1) for all sub-
watersheds.
Spring (March to May) Summer (June to August)
Year Avg STD Min 25% Med 75% Max Avg STD Min 25% Med 75% Max
1998 -56.3 9.1 -63.0 -61.5 -60.0 -52.9 -45.9 -22.0 15.8 -40.2 -26.7 -13.3 -12.9 -12.6
1999 -17.3 9.4 -28.2 -20.2 -12.2 -11.9 -11.5 -8.8 6.1 -14.7 -12.0 -9.3 -5.9 -2.5
2000 -21.9 8.8 -28.8 -26.9 -25.0 -18.5 -11.9 0.0 2.1 -2.2 -1.0 0.2 1.1 2.0
2001 -11.8 22.9 -33.2 -23.8 -14.5 -1.0 12.4 -2.0 5.9 -8.4 -4.6 -0.8 1.2 3.2
2002 -5.0 13.1 -16.0 -12.3 -8.5 0.5 9.5 6.2 16.3 -8.3 -2.6 3.1 13.5 23.8
2003 -25.0 22.8 -45.8 -37.1 -28.4 -14.5 -0.6 -31.9 13.7 -41.9 -39.7 -37.5 -26.9 -16.2
2004 -14.4 5.6 -18.4 -17.6 -16.8 -12.4 -8.0 9.4 14.9 -1.6 0.9 3.4 14.9 26.4
2005 -26.4 23.2 -52.7 -35.2 -17.8 -13.3 -8.7 -14.1 5.6 -19.5 -17.0 -14.4 -11.4 -8.3
2006 -19.6 3.0 -23.0 -20.7 -18.4 -17.9 -17.5 2.0 19.9 -19.2 -7.0 5.2 12.7 20.1
2007 -24.5 7.2 -29.0 -28.6 -28.2 -22.2 -16.2 4.2 6.8 -3.2 1.2 5.7 7.9 10.1
Fall (September to November) Winter (December to February)
Year Avg STD Min 25% Med 75% Max Avg STD Min 25% Med 75% Max
1998 -7.9 6.4 -15.3 -10.1 -4.8 -4.3 -3.7 -21.5 33.8 -57.9 -36.6 -15.3 -3.3 8.8
1999 4.6 16.8 -5.5 -5.0 -4.6 9.7 24.0 -4.7 16.9 -24.0 -10.9 2.2 5.0 7.7
2000 4.0 22.7 -21.8 -4.3 13.2 16.9 20.7 0.1 23.5 -24.3 -11.1 2.1 12.3 22.5
2001 0.3 5.5 -5.6 -2.2 1.3 3.3 5.3 2.5 3.8 0.2 0.3 0.4 3.6 6.8
2002 16.0 5.8 11.0 12.9 14.8 18.5 22.3 10.8 8.0 2.3 7.1 11.9 15.1 18.2
2003 -7.7 13.1 -19.5 -14.7 -9.9 -1.8 6.3 -0.3 9.2 -9.7 -4.7 0.2 4.4 8.7
2004 -11.8 21.6 -36.5 -19.4 -2.4 0.5 3.4 0.9 5.9 -3.7 -2.4 -1.1 3.2 7.5
2005 -1.1 23.1 -27.8 -8.4 10.9 12.3 13.6 0.4 10.1 -11.2 -2.6 5.9 6.3 6.6
2006 22.0 20.9 8.6 10.0 11.3 28.7 46.1 -8.1 4.9 -13.7 -10.0 -6.3 -5.4 -4.5
2007 6.4 15.0 -3.0 -2.3 -1.5 11.1 23.6 1.0 36.4 -20.2 -20.0 -19.9 11.6 43.1
1
3.5.2 Seasonal Variations of Rate of Change in TWS
Box and whisker plots of average monthly rate of change in TWS show the seasonal
distribution of these values for the study period on an annual time scale (Table 3.3;
Figure 3.3). While the winter and summer seasons showed more variability between
different years of the study period, the fall season was in general a period of positive
∆TWS/∆t and spring was a period of negative ∆TWS/∆t. This result was expected
because fall months tend to be a period of aquifer recharge in the state (measured
by increases in groundwater levels, as shown later in this section), whereas spring
months tend to be, in general, a period when groundwater levels decrease in large
part to higher evapotranspiration rates.
The rate of change in TWS for drought years compared to the non-drought years
showed different patterns relative to one another. One common trait was an increase
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in ∆TWS/∆t for each year of the drought. For the spring and summer months,
although the rate of change in ∆TWS/∆t increased, it remained negative or close
to zero. We suspect that this is a result of a loss of TWS during the drought so
that in later years of the drought, TWS was low so ∆TWS/∆t approached zero. In
the fall months, there is no clear pattern in ∆TWS/∆t between drought and non-
drought years. This is likely due to the fact that fall months experienced near normal
precipitation rates. In the winter months during the drought years, there was a large
variation in the rate of change in TWS compared to the non-drought years. The
winter period of the drought years also had a large variation in precipitation, which
would explain the large variation in TWS change rates. However, the 75th percentile
for precipitation in the winter months was inline with that of months following the
period of drought, and the 75th percentile for ∆TWS/∆t during the winter months of
the drought years was lower compared to non-drought years. A possible explanation
for this result is a higher antecedent soil moisture condition in the winter months,
due to the proceeding fall season that was found to be the primary period of increases
in TWS.
3.5.3 Spatial Variations in Annual and Seasonal Rate of Change in
TWS
The spatial distribution of annual and seasonal rate of change in terrestrial water
storage in the sub-watersheds is shown in Figure 3.4. For the annual plot, the monthly
∆TWS/∆t estimates were averaged for all 12 months, and for the seasonal plots,
the monthly ∆TWS/∆t estimates were averaged for the three months within each
season. The annual estimation showed both general patterns of rate change in TWS
for sub-watersheds above the Piedmont and Blue Ridge aquifers and the Southeastern
Coastal Plain aquifers. Sub-watersheds above the surficial aquifers in general showed
a negative annual rate change in TWS. This pattern was expected because P − E
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Figure 3.4: Spatial variation of rate of change in terrestrial water storage in the
sub-watersheds.
will contribute more to recharge aquifers in the inland portion of the state relative to
stream discharge. In contrast, groundwater will be a larger contributor to streamflow
in the coastal region of the state, meaning stream discharge will be larger than P −E
and, as a result, ∆TWS/∆t will tend to be positive. For sub-watersheds in Blue
Ridge and Piedmont region, as well as the Southeastern Coastal Plain regions, as
expected, the fall months showed a positive rate of change in terrestrial water storage
for most of the sub-watersheds, while spring months showed a deficit for most of the
sub-watersheds.
Within these general trends there was some variability. For example, one sub-
watershed near the coast gained water consistently throughout the year at a rate that
exceeded 25 m3 s−1. Four sub-watersheds distributed throughout the study region
lost water during all four seasons, two at a rate that exceeded 100 m3 s−1. There
are many possible reasons for these sub-watersheds having abnormal TWS change
rates. One possible explanation is that the sub-watersheds have internal surface water
storage (i.e., a reservoir) that alters its ∆TWS/∆t from neighboring sub-watersheds.
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For example sub-watersheds with reservoirs may have ∆TWS/∆t < 0 because they
released water during drought years that was stored prior to the drought. If a reservoir
stores water, the ∆TWS/∆t increases because Qin > Qout and therefore R < 0.
When the reservoir later releases water, the ∆TWS/∆t decreases because Qout > Qin,
and therefore R > 0. For sub-watersheds where reservoirs must be accounted for rate
of change in TWS, information is needed about reservoir volume through time and
how the reservoir released water through time. Three of the sub-watersheds with
negative annual rate of change in TWS for the study period are near cities in the
study region: Charlotte, North Carolina; Charleston, South Carolina; and Augusta,
Georgia. Another possible explanation, therefore, is that there is significant surface
water diversion for public or industrial water use in these regions of the state. Both
of these examples suggest that human influences could be responsible for abnormal
rate of change in TWS rates for the study region. Future work that includes other
datasets related to water use for human and industrial purposes is needed to test this
hypothesis.
3.5.4 Comparison of Cumulative Rate of Change in TWS Estimates
with Observed Groundwater Levels
The relationship between cumulative ∆TWS/∆t and the groundwater level (GWL)
provides a means for validating the PER method for calculating rate of change in
TWS for sub-watersheds where groundwater is a significant portion of the TWS and
there is no substantial groundwater pumping. We compared the estimates of cu-
mulative ∆TWS/∆t with GWL for eight sub-watersheds within the state where a
groundwater monitoring station was in proximity to the sub-watershed (Figure 3.5).
Because TWS is a collective term that includes groundwater storage in addition to
the surface storage and soil moisture storage, we expected ∆TWS/∆t to be corre-
lated with GWL. However, other factors such as groundwater pumping, surface water
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Figure 3.5: Location of the focus sub-watersheds in South Carolina.
storage (reservoirs), surface water diversions for public water supply or industrial wa-
ter use, or simply a disconnect between surface water and groundwater resources
could impact the two variables and remove any correlation between them. Therefore,
we expected some sub-watersheds to show clear correlation between ∆TWS/∆t and
GWL, while at the same time we expected other sub-watersheds to show no correla-
tion. In some ways, this analysis is most helpful in identifying sub-watersheds where
GWL and cumulative ∆TWS/∆t do not match because it suggests some other factor,
possibly anthropogenic, may be altering the local water budget for that particular
sub-watershed.
Comparison between cumulative ∆TWS/∆t and GWL for eight sample sub-
watersheds (Figure 3.6) showed that sub-watersheds A, C, D and F, located above
the surficial aquifers showed a clear correlation between cumulative ∆TWS/∆t and
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Figure 3.6: Relationship between cumulative rate of change in cumulative terrestrial
water storage (averaged over same month from 1998-2007) and groundwater levels
(1998-2007) in the sub-watersheds.
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GWL. On the other hand, sub-watersheds B, E, G and H did not show a clear
correlation. In some cases, this lack of correlation appeared to be due to a phase
shift between cumulative ∆TWS/∆t and GWL. This phase shift may be related
to the travel time through the soil to the aquifer including parameters such as the
depth from the land surface to the saturated soil and the characteristics of the soil
column (hydraulic conductivity, antecedent soil moisture, etc.). Sub-watershed B’s
groundwater level pattern appeared to be influenced by pumping, and there is some
documentation on pumping in this sub-watershed (USDI and USGS, 2009). It is
possible that this pumping affected the correlation between GWL and cumulative
∆TWS/∆t. In other cases, in particular for sub-watersheds E, G, and H, ∆TWS/∆t
showed an increase during fall months that was not present in the GWL observations.
Again, further work is needed to understand the specific characteristics and factors
present in these sub-watersheds in order to explain divergence between ∆TWS/∆t
and GWL. The seasonal variations were also visible in this analysis with the tendency
of the groundwater level to rise in the fall and winter months and to decrease in spring
and summer months, as expected.
When viewed as a time series with rate of changes in TWS accumulated during
the year (Figure 3.7), it is possible to visualize the increase or decrease in ∆TWS/∆t
during each year of the period of analysis. Sub-watersheds C, D, and G included data
for the entire study period, while the other sub-watersheds included data for at least
two years of the study period. Sub-watershed C showed evidence of the drought in
1998, but also signs of a drought in 2003. The other years of record show a general
decrease in water storage during the year, but not at the rate experienced during the
years 1998 and 2003. Sub-watershed D showed evidence of the drought primarily in
1998, but also in 1999 and 2003. The other years showed less of a decline in cumulative
∆TWS/∆t and in 2002 the analysis estimated that ∆TWS/∆t increased within the
sub-watershed. Sub-watershed G showed an increasing ∆TWS/∆t for most years in
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Figure 3.7: Long term relationship between the yearly cumulative rate of change in
terrestrial water storage and groundwater levels in the sub-watersheds.
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the study period, but also showed evidence of the drought in 1998 and 2003 because
there was little or no increase in ∆TWS/∆t during these years, whereas other years
in the study period showed an increase in ∆TWS/∆t throughout the year. One
pattern of interest is the increase in ∆TWS/∆t that occurred directly following the
drought in 2002. This increase in ∆TWS/∆t is evident from the time series plots for
sub-watersheds B, E, G, and H and match increases in the groundwater level that
also occurred during this time period. What is also clear from this plot is the marked
difference in how each sub-watershed responded during and following the period of
drought. Some sub-watersheds gained ∆TWS/∆t during drought years, others lost
water. Some sub-watersheds gained ∆TWS/∆t in years following the drought, others
lost water. This provides evidence of the variability of hydrologic systems that are
under influences from geologic, climate, human, and other dimensions.
3.6 Conclusion
The PER water balance approach presented by Zeng et al. (2008) was used to syn-
thesize existing hydrologic and geographic datasets in our study in order to estimate
rate of change in terrestrial water storage (TWS) for sub-watersheds within South
Carolina. Estimates of changes in TWS through time derived using the PER method
show evidence of the drought in South Carolina and how the drought impacted differ-
ent regions of the state. Comparison of estimated rates of TWS change with observed
groundwater level changes in the region over the same period of time provided confi-
dence in the PER method because the rate of change in TWS estimates follow seasonal
and annual variations in groundwater levels for many of the sub-watersheds consid-
ered in this work. Although systematic biases in evapotranspiration rates noted in
Zeng et al. (2008) limit the approach to quantifying relative rate of changes in TWS,
the results from the PER method can be analyzed to identify how different regions
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of the state responded during and following the period of drought, information that
may prove useful in managing the state’s water resources.
We found that the method was most valuable in its ability to identify sub-
watersheds in the state that do not follow general spatial and temporal variations.
There could be many factors at play that result in these abnormalities. In some
cases, there could be an internal storage (e.g., reservoir) that is altering storage rates
relative to neighboring sub-watersheds. In other cases, there could be an unaccounted
source or sink for water within the sub-watershed. For example, there may be an
inter-watershed transfer of water or a diversion of surface water for public industrial
water use purposes. These abnormalities, therefore, suggest that there is a human
dimension to the water balance for that particular sub-watershed. Future work should
further investigate this finding by gathering other water use data in an attempt to
close the water balance for these sub-watersheds.
It should be noted that the hydrological data inputs used in the study have dif-
ferent levels of uncertainty, and this uncertainty impacted the results of this analysis.
The most uncertain flux in the water balance is almost certainly evapotranspiration.
Although the correction of evaporation is incorporated, the evaporation estimates in
particular, being generated by a continental scale weather model may not capture true
evaporation rates during the study period. However, evaporation is one of the most
difficult hydrologic fluxes to quantify at the river basin scale as its rate depends on
quantifying soil moisture through time (Lu et al., 2003; Rodell et al., 2004). Future
work should be directed at better quantifying evaporation during this time period
by using a regional hydrologic model capable of simulating soil moisture on a daily
or sub-daily time scale and remote sensing of evapotranspiration. For example, an
improvement over this work would be to use groundwater levels to estimate recharge
rates (Healy and Cook, 2002) that then can be incorporated directly into the water
balance to estimate water storage in the unsaturated and surface environments. An-
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other potential means for improving this work would be to use remote sensing derived
estimates of evapotranspiration to quantify this flux in place of, or in addition to,
model derived estimates for the water balance calculations (Swenson et al., 2003).
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Chapter 4
Comparison of VIC and MODIS-derived
evapotranspiration estimates for closing
regional-scale water balances1
4.1 Abstract
Two approaches for quantifying evapotranspiration (ET) were evaluated in terms of
their ability to close regional scale water balances: (i) simulation using the Variable
Infiltration Capacity (VIC) model and (ii) a Moderate Resolution Imaging Spectro-
radiometer (MODIS) derived approach described by Mu et al. (2011). ET products
from the two approaches served as input to a water balance framework that incorpo-
rates observed streamflow and precipitation estimates for 44 sub-watersheds in South
Carolina to estimate changes in water storage on a monthly time step over time period
from 2000 to 2007. Two methods were used to evaluate the results of water balance
calculations. In the first method, storage change estimates based on two ET prod-
ucts were compared with the Gravity Recovery and Climate Experiment (GRACE)
Terrestrial Water Storage (TWS) change product. Based on this first method for
evaluation, ET estimates from VIC were found to produce water storage estimates
that most closely matched those obtained by GRACE. In the second method for eval-
uation, storage change estimates for the two ET approaches were evaluated based on
1Billah M.M, Goodall J.L., Narayan, U., and Lakshmi V. Water Resources Research, 2013,
doi:10.1029/xxx, In revision
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their correlation with monthly groundwater level observations. This second method
for evaluation showed evidence that ET estimates derived from MODIS are better
correlated with fluctuations in groundwater levels. However, this second method for
evaluation may favor MODIS because it produced lower ET estimates that resulted
in an emphasis on streamflow and precipitation in the water balance framework, and
not because it produced more accurate ET estimates. Therefore, the first method
for evaluation was weighted more strongly and the conclusion from this study is that
VIC derived ET estimates were closer to actual ET estimates for the evaluated study
region and period of analysis.
4.2 Introduction
Accurate quantification of evapotranspiration (ET) is essential for planning and de-
sign of water source systems (Yeh et al., 1998), as well as for quantifying water
availability and sustainable use of water resources (Loucks, 2000). Estimation of
ET at regional spatial-scales is difficult because of challenges in quantifying spatial
variability in properties such as soil moisture and vegetation. While methods exist
for estimating ET that have been widely used for water resource studies [Pruitt and
Angus, 1960; Running et al., 1999; Xu and Chen, 2005; Xu et al., 2006; Zhang et al.,
2004], the majority of these methods are best suited for point-scale estimates and
extrapolation to regional scales remain a challenge. Approaches for estimating ET
at the regional-scale include the use of hydrologic models that perform water and
energy balances [e.g.Wood et al., 1992] or through remote sensing [e.g. Mu et al.,
2011]. While both approaches for estimating ET are well established, there has been
less work to quantify how the ET estimates produced by each approach perform at
closing regional-scale water balances. The purpose of this study, therefore, is to per-
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form such an analysis by using an observation-based water balance framework for a
set of watersheds in South Carolina.
This work is an extension of our prior work (Billah and Goodall, 2011) where we
used the North American Regional Reanalysis (NARR) product for estimating ET
within a similar regional-scale water balance framework. We found through this work
that NARR tended to overestimate ET rates, resulting in an unrealistic decrease in
storage over the decade period of analysis. This result, which has been shown by
others as well [e.g., Ruiz-Barradas and Nigam, 2006a; Zeng et al., 2008], is typically
handled by applying a correction factor to NARR ET estimates to ensure no net
change in long term storage. The need for this correction is not ideal. Furthermore,
NARR estimates are at a coarse spatial scale for watershed studies (32.6 km), mak-
ing the product unable to capture small-scale variability in ET rates important for
regional hydrologic analysis. While downscaling approaches (e.g., Wood et al., 2004)
could be used to improve the spatial resolution of NARR output for use in hydrologic
analysis, NARR ET would still require the use of a bias-correction factor to ensure no
net change in long term water storage. Therefore we concluded through our previous
work that improved estimates of ET using alternative approaches are necessary to
better quantify the rate of change in water storage.
In this paper we advance prior work by considering two alternative methods for
estimating ET at a regional spatial-scale. In the first method we use the Variable
Infiltration Capacity (VIC) model (Abdulla and Lettenmaier, 1997a,b) calibrated
and evaluated for our study region to simulate the full water and energy balance
over the period of analysis. We then use the VIC ET output in the water balance
framework that makes use of observed data for streamflow and precipitation, which
we have a relatively high confidence in, to quantify changes in water storage. In
the second method we use ET estimates derived from Moderate Resolution Imaging
Spectroradiometer (MODIS) remote sensing imagery using the algorithm described
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Figure 4.1: The study area including the sub-watersheds for which change in stor-
age has been estimated grouped into four major river basins (Pee Dee, Catawba,
Broad/Saluda, and Savannah). Also shown are the locations of groundwater wells,
soil moisture networks, stream gaging stations used for model evaluation.
by Mu et al. (2011) within the same water balance framework. Estimating ET using
remote sensing has been shown to be an effective means for capturing regional-scale
ET rates (Zhang et al., 2008; Sheffield et al., 2009). The ET product is based on the
Penman-Monteith model (Monteith, 1965) and combines MODIS data with ground-
based meteorological observations (Mu et al., 2007). The water balance framework
was applied for the period 2000 to 2007 for 44 sub-watersheds defined using terrain
data. We then compared the estimates of change in water storage resulting from the
water balance framework using the two ET products to two independent evaluation
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datasets: Gravity Recovery and Climate Experiment (GRACE) TWS estimates and
groundwater levels. Our methodology, therefore, provides a means for quantifying the
accuracy of the ET estimates by how well they are able to estimate changes in water
storage for the study region measured independently by GRACE and groundwater
level observations. Details of modeling approach and methods used to perform the
analysis follow.
4.3 Methods and Materials
4.3.1 Water Balance Framework
The rate of change in water storage for a given sub-watershed can be calculated as{
∂TWS
∂t
}
= {Pobs} − {ETest}+ {Rin} − {Rout} (4.1)
where ∂TWS/∂t is the rate of change in water storage within that sub-watershed, Pobs
is observed precipitation, Eest is an estimated evapotranspiration, Rin is streamflow
entering to the sub-watershed and Rout is streamflow exiting the sub-watershed. The
brackets around these terms signify a spatial average over the sub-watershed area
and the bar signifies a temporal average over a month time period. Equation 4.1 was
applied for all sub-watersheds in the study area for which the stream inflow (if not a
headwater stream) and outflow were observed over the period of study (2000-2007).
We adopted this approach from Zhang et al. (2008), who applied a similar approach
in the Amazon and the Mississippi River Basins.
We identified 44 sub-watersheds with observed inflow and outflow in our study
region using the following methodology (Figure 4.1). We first identified streamflow
stations in the United States Geological Survey (USGS) National Water Information
System (NWIS) with complete records over the period 2000-2007 using the CUAHSI
HIS web services (Maidment, 2008; Goodall et al., 2008; Tarboton et al., 2009). We
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Figure 4.2: Monthly precipitation and streamflow averaged for (a) all sub-watersheds
in the study area and (b-e) for the four major river basins in the study area. Stream-
flow and precipitation have been normalized by sub-watershed area and therefore are
expressed in length units.
then used flow direction and flow accumulation grids from the National Hydrography
Dataset (NHD) Plus program to determine sub-watersheds for the study region, where
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sub-watersheds define incremental drainage area between streamflow gaging stations.
The methodology for delineating the sub-watersheds in this paper improves on our
previous approach which relied on NHD Plus catchments instead of flow direction
and accumulation grids.
We obtained estimates of precipitation and streamflow for each of the sub-
watersheds using spatial analysis routines available in GIS software as described in
detail in Billah and Goodall (2011) and summarized here (Figure 4.2). Precipitation
for each sub-watershed was estimated from the Parameter-elevation Regressions on
Independent Slopes Model (PRISM) dataset (Gibson et al., 2002). PRISM provides
grided precipitation estimates on a 4 km spatial resolution and on a monthly time step.
Monthly average streamflow was obtained from the United States Geologic Survey
(USGS) for the gauges with complete records over the period of analysis. Monthly ET
was estimated using the approaches described in the following sub-sections. Finally,
we used the geospatial-temporal data model described by Goodall and Maidment
(2009) to organize the data for later processing.
4.3.2 Estimating ET using VIC
VIC is a semi-distributed macro-scale model that performs water and energy balances
for a grid-based discretization of the landscape (Liang et al., 1994, 1996). The water
balance equation used in VIC can be stated as
∂S
∂t
= P − ET −R (4.2)
where ∂S/∂t represents rate of change of water storage that includes both surface and
subsurface water storage, including water in the subsurface soil profile that ultimately
drains to streamflow or groundwater recharge, P is precipitation, ET is Evapotran-
spiration, and R is runoff. ET in the VIC model is the combination of canopy layer
evaporation (Ec), transpiration (Et) from vegetation, and evaporation (El) from soil
51
(Liang et al., 1994). VIC also solves the energy balance for the landscape as
Rn = H + ρwλvE +G (4.3)
where Rn is the net radiation, H is the sensible heat flux, ρw is the density of liquid
water, ρwλvE is the latent heat flux and G is the ground heat flux. Building from
this basic framework of water and energy balances, VIC includes many other physical
processes needed to simulate the land surface portion of the hydrologic cycle. One of
the outputs from the model is ET and we used this ET output from VIC as input to
Equation 4.1 to estimate changes in water storage through time. In order to do this,
we needed to re-scaled the VIC ET output to the sub-watersheds as
V ICET,i =
1
T
∫
{ETV IC}dAi (4.4)
where V ICET,i is the rate of ET for sub-watershed i (m3 s−1), Ai is the area of sub-
watershed i (m2), ETV IC is monthly ET from VIC for the sub-watershed i (m) over
the time period T (s).
VIC requires three basic types of input data: meteorological, soil, and vegeta-
tion. VIC is forced using meteorological data that includes precipitation, minimum
and maximum temperature, and wind speed. Station observations of precipitation
and minimum and maximum temperature obtained from the National Climatic Data
Center (NCDC) were converted to a grided input dataset for the VIC model using
the SYMAP interpolation algorithm (Shepard, 1984). Precipitation data were ad-
justed to match monthly means of the PRISM dataset to provide consistency. The
wind data were extracted from the National Centers for Environmental Prediction
and National Center for Atmospheric Research (NCEP/NCAR) Reanalysis model
and processed using linear interpolation to generate the grided input dataset. We
obtained soil and vegetation data from the Land Data Assimilation Systems (LDAS)
(http://ldas.gsfc.nasa.gov/) at a spatial resolution of 1/8th degree. The soil datasets
obtained from Land Data Assimilation Systems (LDAS) were derived from 1-km Penn
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Figure 4.3: (a) Calibration of the VIC soil moisture with SCAN soil moisture obser-
vations at the Savannah site and (b) validation of the VIC soil moisture with SCAN
soil moisture observations at the Pee Dee site.
State STATSGO data that contains 11 individual layers to a depth of 2.5 meters and
16 texture classifications ranging from sand to bedrock. Soil layer depths for the
model were set to 0 to 10 cm for the top layer, 10 to 40 cm for the middle layer,
and 40 to 100 cm for the deep layer. We selected the soil layer depths in part due
to the model calibration and validation procedure described in the following para-
graph. The vegetation parameter file was generated from LDAS vegetation data that
contains 11 vegetation classes with spatial resolution of 1/8th degree. Among the
vegetation classes, woodland (21%), wooded grassland (16%), mixed cover (17%),
evergreen needleleaf forest (15%), and cropland (11%) cover most of the study area.
We calibrated the VIC model using soil moisture observations from the Youmans
Farm site that is part of the Soil Climate Analysis Network (SCAN) (Schaefer et al.,
2007) (Figure 4.1). We compared the total soil water content estimated by VIC in a
1/2◦ region surrounding the SCAN site to the soil water content in the unsaturated
zone of the soil profile at the SCAN site. Soil moisture probes at 5 cm, 10 cm,
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and 20 cm depths were integrated to find total moisture content using a quadratic
polynomial interpolation. VIC is typically calibrated using one or more of these seven
parameters: variable infiltration curve (b), maximum base flow (Dsmax), fraction of
base flow where base flow occurs (Ds), fraction of maximum soil moisture content
above which nonlinear base flow occurs (Ws), mid (d2) and deep (d3) soil layer depth,
and minimum stomatal resistance (r0) (Abdulla and Lettenmaier, 1997a,b; Crow
et al., 2003; Troy et al., 2008). We followed a trial and error approach for calibrating
the model where we ran the model for a selected portion of the overall study region
in isolation to speed model runtime. After completing the calibration, we ran the
model with the calibration parameters for entire region to again verify the calibration
results. The goodness-to-fit between observed and simulated results for both monthly
and annual soil moisture estimates were evaluated in terms of Root Mean Squared
Error (RMSE), which were found to be 1.8% water content for monthly averaged and
1.3% water content for annual averaged estimates for the calibration dataset. The
range investigated and final values of the parameters obtain from the calibration are
provided in Table 4.1, and a comparison of the monthly average and annual average
soil moisture for the calibrated VIC model and the SCAN site are provided in Figure
4.3.
Following calibration, we evaluated the model using soil moisture data from a
second SCAN site in the study region named Pee Dee and streamflow in two sep-
arate stream gaging stations (Figure 4.1). Because the depth to groundwater was
greater at this site, we used data from soil moisture probes at 5 cm, 10 cm, 20 cm,
40 cm, and 100 cm to calculate total soil water content at the site. Results of the
validation (Figure 4.3) show that the model is overall able to estimate soil moisture
on monthly and annual time steps, however, there is evidence that the model un-
derestimated soil moisture in 2005. The RMSE for monthly and annual validation
results were estimated to be 2.1% and 2.9%, respectively. We compared the pre-
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Table 4.1: Description of the parameters used in the VIC model calibration.
Parameter Allowable Range Applied Value Units Description
b 0.001-1.0 0.2 - Variable infiltration curve
parameter
Dsmax 0.1-50.0 10 mm/d Maximum base flow velocity
Ds 0.001-1.0 0.01 - Fraction of Dsmax where
nonlinear base flow occurs
Ws 0.2-1.0 0.75 - Fraction of maximum soil
moisture above which nonlinear
base flow occurs
d2 0.1-3.0 0.3 m Mid soil layer depth
d3 0.1-3.0 0.6 m Deep soil layer depth
r0 ∼100 125-208 s/m Stomatal registance
1
dicted monthly streamflow of the VIC model to the USGS streamflow observations
at two separate locations for the period of 2000-2007. These streamflow gaging sta-
tions, USGS 02135000 (Little Pee-Dee River at Galivants Ferry) and USGS 02156500
(Broad River at Carlisle), were selected to represent the ability of the VIC model
to predict streamflow in different hydrologic conditions with sufficient accuracy. The
comparison in terms of Nash-Sutcliffe (NSE) index was considered to be satisfactory
(NSE 0.67 at USGS 02135000) and good (NSE 0.59 at USGS 02156500) evaluation
using a classification scheme described by (Moriasi et al., 2007) (Figure 4.4).
4.3.3 Estimating ET using MODIS
Mu et al. (2011) describe an algorithm called MODIS16 for estimating ET based on
MODIS satellite imagery that advances on the authors’ earlier algorithm described in
Mu et al. (2007). The original MODIS ET algorithm (Mu et al., 2007) is based on the
Penman-Monteith method and combines both meteorological observations and remote
sensing data at a spatial resolution of 1 km. The meteorological observations include
air pressure, minimum air temperature, humidity, and radiation. Remote sensing data
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Figure 4.4: Streamflow comparison between VIC model predictions and USGS obser-
vations. The comparison is performed at the USGS station Little Pee Dee River at
Galivants Ferry, SC (Station Number 02135000) and Broad River at Carlisle (Station
Number 02156500).
includes land cover, albedo, leaf area index (LAI), and Enhanced Vegetation Index
(EVI). These data can be used to generate daily, monthly, or annual ET estimates.
The MODIS ET algorithm was modified by Mu et al. (2011) to improve features of
the ET estimates including estimates of nighttime ET, soil heat flux, and canopy
transpiration. The improved algorithm was also able to estimate potential ET from
saturated surfaces and actual ET from moist surfaces.
We used the MODIS16 product as an estimate of monthly ET at a 1 km spatial
resolution for our study area. The monthly ET was imported using a geoprocessing
tool developed at the University of Montana and modified through this work to obtain
all the monthly ET data for the study period in a single operation. The monthly
mean ET in the extracted datasets were averaged for the sub-watersheds of the study
region to estimate rate of ET for the period of 2000 to 2007 using the basic approach
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described by Equation 4.4 where monthly MODIS ET (m3 s−1) for watershed i is
equal to the monthly ET from MODIS integrated over the sub-watershed area.
4.3.4 Model Evaluation
We evaluated the storage calculations generated using the two ET datasets by compar-
ison with GRACE estimated TWS and with observations of groundwater levels taken
at four wells within the study region with complete records over the period of analy-
sis. GRACE provides monthly change in TWS, defined as soil moisture, groundwater,
snow, and surface water (Rodell et al., 2004), and among which soil moisture accounts
for the largest portion (Rodell and Famiglietti, 2001), at spatial resolution of 1◦ from
observations of Earth’s time-dependent gravity field (Swenson et al., 2003; Syed et al.,
2008). The accuracy of the measurements were found to be 1.5 cm of equivalent water
thickness by Wahr et al. (2004) and better than 1 cm of equivalent water thickness
with spatial extent of 4.0× 105 km2 or larger by Swenson et al. (2003). We used the
GRACE product to estimate TWS for the entire study area (all 44 sub-watersheds)
on a monthly temporal scale. The regional-scale, column-integrated, cumulative
monthly terrestrial water storage was obtained from NASA Jet Propulsion Labo-
ratory (JPL) (ftp : //podaacftp.jpl.nasa.gov/allData/tellus/L3/land_mass/) in
terms of equivalent water thickness. The equivalent water thickness was converted to
rate of change of terrestrial water storage for each sub-watershed by integrating over
each sub-watershed area for each month of the study period.
Our second means for evaluating estimated water storage was through compari-
son with groundwater levels within the study region. The study region includes four
major aquifer systems: Piedmont and Blue Ridge, Southeastern Coastal Plain, Surfi-
cial, and Floridian (Miller, 1990). Groundwater wells with complete records over the
study period were selected (Table 4.2) and observational data for these wells were
obtained from the USGS using the CUAHSI HIS web services. Wells OC-233 and
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Table 4.2: Groundwater monitoring wells used for evaluating water storage estimates.
Depth to water level values are given as an average (±1 s.d.) of monthly observations
during the study period (2000 - 2007).
USGS Site Site Name National Aquifer Local Aquifer Hydrologic Depth to Water
Number System System Unit Level [m]
345051083041800 OC-233 Piedmont and Blue Ridge Amphibolite 03060101 29.2 ± 1.5
crystalline-rock aquifers
343714082285600 AND-326 North American Regional Mica Gneiss 03060103 3.17 ± 0.41
crystalline-rock aquifers
343715079411500 MLB-112 Southeastern Coastal Plain Middendorf 03040201 3.75 ± 0.70
aquifer system Formation
324143080505900 HAM-83 Floridan aquifer system Floridan aquifer 03050208 38.7 ± 2.3
system
1
AND-326 are located on the Piedmont and Blue Ridge aquifer system where the sub-
surface structure consists of bedrock overlain by unconsolidated rock. Well MLB-112
is located in the Southeastern Coastal Plain aquifers, surrounded by clastic rocks
ranging from coarse to fine grained sediments. In South Carolina, the groundwater
movement in these aquifers is generally parallel to the Atlantic Ocean and flows slowly
toward the northeast (Miller, 1990). Well HAM-83 is located in the Floridian aquifer
system that overlays the Surficial aquifers in South Carolina and consists of uncon-
fined aquifers with sand and gravel. The groundwater in these aquifers is available
in thick confined layers and is not affected by surface streams because of interfered
confining units. The groundwater in this aquifer generally follows laterally over short
flowpaths and discharges as baseflow to streams (Miller, 1990).
4.4 Results and Discussion
The monthly ET time series from VIC and MODIS (Figure 4.5) vary across sea-
sons, years, and river basins. NARR estimates of ET are included in the figure for
comparison purposes. As we found in our prior work (Billah and Goodall, 2011),
NARR tends to overestimate ET compared to MODIS and VIC, requiring the use of
a correction factor to ensure no long term change in water storage (see Zeng et al.,
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2008 for details). For the overall study area (Figure 4.5a), MODIS ET estimates
are more extreme with generally higher ET estimates than VIC in summer months
and consistently lower ET estimates than VIC in winter months. On an annual basis,
both VIC and MODIS produced lower ET estimates during drought years (2000-2002,
2007) compared to higher estimates during wet years (2003-2006), as expected. The
year with the highest difference between VIC and MODIS estimated ET was 2007,
a drought year, during which MODIS ET exceeded VIC ET rates for summer and
fall months. A possible explanation for this is an over estimation of precipitation
in the VIC model for 2007 (as described in the methodology section of this paper).
When considering individual river basins within the study area (Figure 4.5b-e), other
patterns emerge in ET estimates between VIC and MODIS. In contrast to the overall
study region, summertime VIC ET estimates for the Pee Dee Basin exceeded MODIS
ET estimates. The Catawba Basin showed the largest differences between VIC and
MODIS estimates during the period of analysis, and especially during spring and
fall months. The Broad/Saluda Basin had only small differences in ET estimates
with both ET estimates capturing the lower storage due to drought conditions in
the summer of 2002. The Savannah River Basin, on the other hand, had the largest
difference in summertime ET estimates with MODIS estimating ET often 40% higher
than VIC.
When the ET estimates for VIC and MODIS are used in the water balance
framework, it is possible to estimate cumulative storage over the period of analysis
based on the two ET datasets (Figure 4.6). In the overall study area (Figure 4.6a),
there was a clear period of increasing storage in the months following the drought
that ended in 2002, as expected. During the relatively wet years that followed this
drought period, MODIS ET estimates resulted in a continued high storage, while
VIC ET estimates resulted in a gradual decrease in storage during this period. As
a result of this difference in ET estimates, at the end of the 8 year period, using
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Figure 4.5: Monthly average ET from NARR, VIC, and MODIS averaged for (a) all
sub-watersheds in the study area and (b-e) for the four major river basins in the study
area. ET has been normalized by sub-watershed area and therefore is expressed in
length units.
MODIS ET results in a 8 m increase in cumulative storage, while using VIC ET
results in a 0.3 m increase in cumulative storage. Based on conditions in the study
60
region over this period, in particular measurements of surface and sub-surface water
levels (Badr et al., 2004), it is more likely that storage increased by 0.3 m over the
period of analysis than increased by 8 m. GRACE TWS estimates during this same
period provide a means for evaluating the storage estimates predicted using VIC and
MODIS ET. While there were deviations between VIC estimated storage and GRACE
estimated TWS, in particular for the years 2003 and 2007, it is clear that VIC ET
results in storage estimates that more closely match those obtained by GRACE when
compared to MODIS ET derived storage estimates. This is despite the fact that
GRACE TWS is recommended for use at a minimum area 4 times larger than the
area of the overall study region (Swenson et al., 2003).
When divided into individual river basins, the resulting cumulative storage shows
unexpected deviations in storage based on the two ET products (Figure 4.6b-e).
GRACE estimates of TWS were not included for the river basins because these re-
gions are well below the recommended area for use of GRACE TWS. VIC ET esti-
mates resulted in cumulative storage estimates that were consistently less than those
resulting from MODIS ET estimates for all basins except the Savannah. The Pee
Dee estimates were quite different between the two ET products with VIC consis-
tently higher than MODIS, thus resulting in a large difference in storage estimates
for this basin. If VIC estimates are correct, and if we assume no net change in water
storage over the period of analysis, then there is approximately 4m of unaccounted
for water that entered the basin during the period of analysis. We speculate that
this could be the result of a contribution of groundwater from other basins that was
discharged through streamflow within this basin. Some of the Pee Dee watersheds
are below the Fall Line, for example, where groundwater tends to be discharged into
streams. For the Catawba Basin, MODIS estimates lower wintertime ET that is
nearly offset by higher summertime ET, resulting in a smaller difference in storage
estimated by MODIS compared to VIC. In Broad/Saluda, both estimates are of in-
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Figure 4.6: Cumulative change in storage over the study period using evapotranspi-
ration estimates from VIC and MODIS, and GRACE for (a) all sub-watersheds in
the study area and (b-e) for the four major river basins in the study area.
creasing storage, but at a much higher level based on VIC estimates compared to
MODIS estimates. The Savannah Basin also shows large relative differences with
VIC estimating nearly no change in water storage, and MODIS estimating a large
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decrease in storage. MODIS estimates much higher ET rates in summer months for
Savannah compared to VIC, which led to this result. Taken collectively, VIC tends
to result in less cumulative change in storage over the period with the exception of
the Pee Dee Basin. For VIC, changes in the overall study area are most influenced
by decreases in storage in the Pee Dee Basin that are nearly offset by increases in
storage in the Broad/Saluda Basin.
When viewed spatially as annual cumulative change in storage for the 44 sub-
watersheds (Figure 4.7), it is possible to see how different regions of the study area
responded during wet and dry years. The increase in water storage that resulted
in 2002 following the drought is clearly evident in both the storage estimated using
VIC ET and MODIS ET. In the year following the drought (2003), however, there is
disagreement between the storage estimated using the two ET products. MODIS ET
estimated that much of the Pee Dee and Catawba Basins gained water in 2003, while
VIC ET estimated that they lost water in 2003. Overall there does not appear to
be any significant spatial or regional bias in ET estimates produced by MODIS and
VIC, however there does appear to be potential biases during wet years. During the
drought period (2000-2002), the difference between ET estimates was less significant
than during the wet years (2003-2005). However, during 2007, which is also a drought
year, there does appear to be significant differences between the two ET products (but
we attributed this to an overestimation of precipitation in the VIC model for 2007
as discussed before). During dry periods ET will be lower, and this could explain
why the difference between the two ET estimates is less significant during dry years
compared to wet years.
Another means for evaluation is comparison with groundwater level observations
over the period of analysis (Table 4.3). We expect storage changes to be negatively
correlated with groundwater levels because the groundwater levels are measured as a
depth to groundwater from the land surface. Therefore, as the depth increases, the
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Figure 4.7: Annual cumulative change in storage for each year of the study period
generated using estimates evapotranspiration estimates from VIC and MODIS esti-
mates and the difference between the two estimates.
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Table 4.3: Correlation coefficients between monthly average depth to groundwater
level and cumulative water storage estimates based on VIC and MODIS derived ET
estimates. Results for all sub-watersheds in the study region are given in the SC
column. The PD, CW, BS, and SV columns provide results for sub-watersheds in the
Pee Dee, Catawba, Broad/Saluda, and Savannah River Basins, respectively.
Table 1:
SC SC PD PD CW CW BS BS SV SV
Years GW Site Name VIC MODIS VIC MODIS VIC MODIS VIC MODIS VIC MODIS
2000−2007 OC-233 −0.29 −0.76 0.40 −0.60 0.38 −0.03 −0.62 −0.68 −0.59 −0.78
AND-326 −0.61 −0.38 −0.50 0.15 −0.54 −0.82 −0.31 0.04 0.25 −0.50
HAM-83 −0.51 −0.47 −0.21 −0.08 −0.24 −0.60 −0.37 −0.17 −0.03 −0.66
MLB-112 −0.48 −0.37 −0.34 −0.08 −0.37 −0.63 −0.31 −0.06 0.09 −0.50
2000 OC-233 −0.30 −0.63 −0.43 0.02 −0.55 −0.75 −0.33 −0.64 0.34 −0.68
AND-326 −0.57 −0.84 −0.60 −0.33 −0.70 −0.89 −0.62 −0.87 −0.04 −0.85
HAM-83 −0.66 −0.86 −0.75 −0.37 −0.84 −0.94 −0.66 −0.83 −0.02 −0.88
MLB-112 −0.73 −0.60 −0.82 −0.77 −0.77 −0.58 −0.65 −0.49 −0.45 −0.58
2001 OC-233 −0.33 −0.59 −0.32 −0.58 −0.28 −0.55 −0.31 −0.56 −0.18 −0.62
AND-326 −0.43 −0.68 −0.37 −0.64 −0.33 −0.61 −0.44 −0.69 −0.36 −0.68
HAM-83 −0.88 −0.90 −0.85 −0.85 −0.86 −0.92 −0.87 −0.83 −0.51 −0.91
MLB-112 −0.78 −0.81 −0.69 −0.79 −0.70 −0.78 −0.78 −0.79 −0.53 −0.79
2002 OC-233 −0.68 −0.83 −0.50 −0.64 −0.51 −0.71 −0.73 −0.85 −0.52 −0.81
AND-326 −0.10 −0.38 −0.16 0.07 −0.28 −0.60 −0.19 −0.24 0.31 −0.53
HAM-83 −0.92 −0.97 −0.86 −0.80 −0.90 −0.88 −0.95 −0.94 −0.62 −0.94
MLB-112 −0.83 −0.85 −0.92 −0.76 −0.95 −0.87 −0.84 −0.74 −0.39 −0.85
2003 OC-233 −0.16 −0.58 0.10 −0.68 0.15 −0.24 −0.39 −0.69 −0.59 −0.60
AND-326 −0.80 −0.87 −0.63 −0.33 −0.58 −0.86 −0.86 −0.69 −0.04 −0.78
HAM-83 −0.46 −0.41 −0.51 −0.13 −0.43 −0.57 −0.38 −0.16 0.32 −0.15
MLB-112 −0.80 −0.71 −0.66 −0.17 −0.63 −0.73 −0.82 −0.50 0.08 −0.65
2004 OC-233 −0.65 −0.60 −0.23 −0.69 −0.26 −0.31 −0.75 −0.79 −0.90 −0.47
AND-326 −0.83 −0.92 −0.64 −0.17 −0.85 −0.89 −0.82 −0.77 −0.37 −0.92
HAM-83 −0.27 −0.41 −0.59 0.39 −0.71 −0.72 −0.13 −0.01 0.46 −0.57
MLB-112 −0.79 −0.66 −0.70 −0.81 −0.51 −0.43 −0.80 −0.70 −0.73 −0.48
2005 OC-233 0.73 0.51 0.85 0.66 0.82 0.59 0.68 0.39 0.25 0.40
AND-326 −0.54 −0.78 −0.35 −0.51 −0.39 −0.71 −0.60 −0.83 −0.53 −0.84
HAM-83 −0.25 −0.46 −0.15 −0.04 −0.13 −0.44 −0.26 −0.47 −0.06 −0.55
MLB-112 −0.20 −0.28 −0.06 −0.41 −0.11 −0.17 −0.20 −0.29 −0.71 −0.38
2006 OC-233 −0.64 −0.76 −0.57 0.14 −0.76 −0.82 −0.51 −0.51 −0.43 −0.92
AND-326 −0.67 −0.88 −0.67 −0.05 −0.75 −0.92 −0.54 −0.66 −0.52 −0.98
HAM-83 −0.28 −0.55 −0.24 0.46 −0.43 −0.67 −0.13 −0.23 −0.08 −0.85
MLB-112 −0.92 −0.82 −0.88 −0.77 −0.87 −0.72 −0.91 −0.87 −0.91 −0.62
2007 OC-233 −0.68 −0.91 −0.72 −0.84 −0.77 −0.95 −0.70 −0.90 −0.30 −0.90
AND-326 −0.71 −0.95 −0.75 −0.91 −0.78 −0.98 −0.73 −0.95 −0.40 −0.95
HAM-83 −0.82 −0.95 −0.84 −0.92 −0.83 −0.95 −0.83 −0.95 −0.73 −0.95
MLB-112 −0.89 −0.97 −0.90 −0.94 −0.93 −0.95 −0.90 −0.97 −0.60 −0.97
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Figure 4.8: Comparison of cumulative change in water storage using evapotranspi-
ration estimates from VIC and MODIS for the Broad/Saluda River basin (primary
axis) with depth to groundwater observations from the HAM-83 site (secondary axis).
storage change should decrease. In general, MODIS generated storage estimates show
a stronger correlation with groundwater level compared to VIC generated water stor-
age estimates. Looking at the entire study period (2000-2007), MODIS matches best
with the OC-233 site across all basins (R=-0.76) except for Catawba which correlates
best with the AND-326 site (R=-0.82). VIC shows less correlation overall, but is
most strongly correlated with the OC-233 site for the Broad/Saluda (R=-0.62). The
correlation between storage changes in basins and groundwater levels observed at
specific wells is not consistent across the study period, making it difficult to conclude
from this method of evaluation which ET estimate is more accurate. This incon-
sistency between years could be due to lags between estimates of storage using our
methodology and observed groundwater levels caused by travel time in the subsurface
environment. Evidence of this is shown in Figure 4.8, where cumulative estimates of
storage in Broad/Saluda using VIC and MODIS ET are compared with groundwater
levels observed at the HAM-83 site. During dry years, these two values show strong
correlation, however during wet years this correlation decreases significantly due to
an apparent phase shift in groundwater levels compared to storage changes.
There are potential limitations of the evaluation methods we used in this study
that should be considered when interpreting the results. In general, correlation of
our estimates with groundwater level might not be an ideal means for evaluation for
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reasons already discussed and, perhaps most importantly, because correlation may
depend more on the precipitation or streamflow values used in the water balance
framework rather than ET. When ET is low, as is the case for MODIS compared to
VIC, the precipitation and streamflow become more dominate in estimating change
in storage. Furthermore, groundwater and water storage may not be correlated on a
monthly time step as assumed in this study because of lags between storage estimated
using our methodology and groundwater level for deep aquifers (as shown in Figure
4.8). This could be the reason storage estimates using MODIS ET showed stronger
correlation with groundwater levels compared to storage estimates using VIC ET.
Therefore, we argue that matching GRACE TWS estimates is a more meaningful
evaluation approach compared to correlation with groundwater level.
4.5 Conclusion
Using a water balance framework based on observational data for streamflow and
precipitation, we evaluated two different methods for estimating ET to close the water
balance for watersheds in South Carolina. The first method was to estimate ET by
using a macro-scale hydrologic model (the Variable Infiltration Capacity model, VIC)
and the second method was to estimate ET by using the Mu et al. (2011) algorithm
and MODIS satellite imagery. We simulated changes in water storage for 44 sub-
watersheds in South Carolina with observed streamflow and precipitation over the
period 2000-2007. We selected this time period in part because it included a period
of dry (2000-2002 and 2007) and wet (2003-2006) years. In order to judge how well
the two ET estimates were able to close the water budget, we considered two means
for evaluation: we compared our results to (i) GRACE TWS estimates and (ii) to
groundwater level observations.
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We conclude from this study that VIC generated ET estimates that were closer to
actual ET rates. We found that MODIS ET estimates tended to underpredict ET, es-
pecially during winter months. This conclusion was based primarily on comparisons
with GRACE TWS estimates, which better matched storage estimates generated
using VIC ET compared to storage estimates generated using MODIS ET. Compar-
ison with groundwater level fluctuations over the study period, however, supported
MODIS ET as being a better estimate. However, because of limitations with this
means for evaluation, we weighted this result lower than the result found by using
the GRACE evaluation method. The primary limitation of the groundwater level
evaluation approach is that if ET is low, as is the case for MODIS in winter months,
then streamflow and precipitation become dominate terms in the water balance cal-
culation and these terms can be strongly correlated with groundwater levels.
This work has implications for water resource management where it is necessary
to estimate ET rates for planning and decision making regarding long term water
resource availability. It is important to note that our conclusion that VIC ET offered
more accurate ET estimates compared to MODIS may only be applicable to our study
region and period of analysis. For example, Mu et al. (2011) shows evidence that their
MODIS-based method for estimating ET underpredicts rates for areas with high ET.
South Carolina is a region with high ET rates and, if this same study was repeated in
a different region with lower ET rates, it may yield a different result. However, while
our conclusion that VIC ET was more accurate than MODIS ET is only directly
applicable to our study region and period of analysis, the general methodology for
comparison of ET estimates with GRACE TWS could be repeated for other regions
with different ET rates.
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Chapter 5
Application of the Variable Infiltration
Capacity (VIC) model and the Integrated
Rule-Oriented Data System (iRODS) for
drought analysis in the Carolinas, USA 1
5.1 Abstract
Modeling regional-scale hydrologic systems introduces major data challenges related
to the access and transformation of datasets from heterogeneous sources into the
information needed to execute a hydrologic model. These activities are rarely auto-
mated, making the reproducibility of model results directly from raw data sources
impractical or even impossible. This is a major challenge facing the hydrologic com-
munity and must be overcome to advance the science and management of regional-
scale water resource systems. This study addresses this challenge by demonstrating
how the integrated Rule Oriented Data Management Systems (iRODS) can be used
to support workflow execution needed when modeling regional-scale hydrologic sys-
tems. Focusing on the Variable Infiltration Capacity (VIC) model as a case study,
data preparation steps are written as micro-services and rules within iRODS, and
iRODS is used for federated data access and processing across data providers. VIC
and iRODS are applied to study hydrologic conditions in the Carolinas, USA during
1Billah M.M, Goodall J.L, Narayan U., Lakshmi V., Rajasekar A., and Moore R. W., In prepa-
ration
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the period 1998-2007 to better understand hydrologic conditions during and following
periods of drought within the region. The case study demonstrates the advantages
of using iRODS to automate data access and transformations needed when applying
hydrologic models including more easily document model runs and reproducibility of
model results, freeing the modeler to explore aspects of the model other than tedious
data preparation steps.
5.2 Introduction
Application of regional-scale hydrologic models presents a number of challenges as-
sociated with handling and processing large datasets. The models are data intensive
and require a significant amount of time and effort in order to transform available
datasets into the form required by the hydrologic model. The data challenges also
include collecting datasets from various data providers that have inconsistent data
access protocols, file formats, and semantics. The result is that the datasets re-
quired to setup, calibrate, and validate hydrologic models are not made available by
data providers in a form that is ready for application directly into models, rather
each model requires specific transformations of the available information before it
can be used within a model. Due to the level of heterogeneity between data sources,
these data preparation steps are difficult to automate and therefore require significant
manual intervention, consuming significant time and serving as a possible source of
model error. Moreover, repeating these data preparation steps in order to reproduce
the model results, an important aspect of any scientific study, is impractical or even
impossible due to the complexity of the data transformation steps involved in running
hydrologic simulation models.
Within the information and computer science communities, there has been work
to create advanced data management software that has the potential to address these
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challenges facing the hydrology community. By implementing the data preparation
tasks as a workflow within these software systems, the software can coordinate and
automate the execution of steps, as well as track the provenance of the datasets
generated through the processing steps. The potential of this software to provide
authenticated access to external data sources, along with procedures for automati-
cally transforming data products to those required by a model, makes these software
systems particularly well suited to automating hydrologic modeling workflows.
These tools do not only offer a means for completing the current steps taken for
setting up hydrologic simulation models in a more efficient manner, but they also
offer new ways of performing the data transfer and transformation needed to support
hydrologic modeling. For example, by parallel execution of multiple tasks required
for data collection and preparation to support hydrologic models, it will be possible
to reduce the time required to build models and to keep the models up-to-date as new
data sources (e.g., high resolution terrain data) become available. Data management
software systems can also provide a means to preserve datasets by replicating them
across a distributed infrastructure, facilitating the ability to reproduce the informa-
tion at multiple institutions to support collaborative modeling activities. Therefore
this work has at its core a wider view of hydrologic modeling that does not only con-
sider running the model executable itself, but includes the entire data life-cycle from
data collection, to data preparation, to model execution, to data post-processing.
To illustrate these approaches and concepts, this study focuses on the Integrated
Rule-Oriented Data System (iRODS) and the Variable Infiltration Capacity (VIC)
hydrologic model. These two systems are introduced in the background section that
follows this introduction section. Then in the design and implementation section, the
approach for automating VIC workflows using iRODS is presented. The workflows
were applied in a case study for modeling drought in the Carolinas region of the
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United States. Finally this paper concludes with a discussion of the advantages of
applying iRODS to support hydrologic modeling.
5.3 Background
The iRODS is an open source, policy-based cyberinfrastructure developed by the Data
Intensive Cyber Environments (DICE) group for large scale data management (Moore
et al., 2009). Data management tasks or policies are implemented using iRODS as
rules and can be automated as workflows. The system automatically specifies the
sequences of data collection, transformation, curation, preservation, and processing
steps in the workflow as a set of rules that use micro-services developed by users
or administrators. The system is capable of remote execution of workflows as well,
meaning data preparation steps can be executed by data providers rather than data
consumers. The iRODS enabled Data Federation Consortium (DFC) grid built as
part the NSF-funded DFC project, which this work is completed under, provides
sufficient storage capacity and long term access to the stored datasets that enables
the reproducibility of the model results.
The Variable Infiltration Capacity (VIC) model is a large-scale hydrologic model
that applies water and energy balances to simulate terrestrial hydrology at a regional
spatial scale. The scientific basis of the model is summarized in the case study section,
while here the model is presented from a data management perspective. The model
requires several input datasets to be generated by applying multiple data processing
steps before a simulation run can be executed (Figure 5.1). The datasets for pre-
processing include precipitation, maximum and minimum temperature, wind speed,
topography, soil, and vegetation information. Each dataset is processed using scripts
that require the execution of data processing routines and generate new datasets used
in the model simulation. Each data processing script performs a certain task that is
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Figure 5.1: Data pre-processing steps for VIC model (adopted from Gao et al., 2010).
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a prerequisite to the following script in the workflow. Running these data collection
and processing scripts currently require significant manual intervention and time to
complete. In addition, a large amount of data is generated during the procedure,
introducing issues with storing intermediate datasets for irreproducibility of model
result as well as further analysis of key model inputs.
Given these data challenges in running VIC, which are not dissimilar from any
hydrologic simulation model, and given the potential advantages of advanced data
management systems such as iRODS, the objective of this study is to apply iRODS
for automating the execution of VIC. The study is built on prior work where the VIC
model was used for estimating evapotranspiration in the South Carolina river basins
(Billah et al., 2013). VIC has also been applied by others for a number of climate
conditions and basins to estimate several hydrologic variables with high accuracy
(Abdulla et al., 1996; Lohmann et al., 1998; Lakshmi et al., 2004; Sheffield et al.,
2004; Sheffield and Wood, 2007). However, there has been less work on the data
challenges associated with running VIC. Therefore, this work addressed these data
challenges by integrating VIC with iRODS in the DFC grid using federated data
access and data processing for executing VIC for regional-scale hydrologic analysis.
The resulting system focused on developing data management workflow that au-
tomates data pre and post-processing for VIC model and visualizes the model results
for state water managers for drought decision making. The work demonstrated a case
study for the drought in South Carolina during 1998 to 2002 (Badr et al., 2004) that
had a significant effect on water resources across the Carolinas. The availability of
detailed spatial and temporal information of hydrologic systems across the Carolinas,
and in particular the ability to forecast future conditions, is a useful tool for water
resources management. Soil moisture in particular is a difficult parameter to observe
at a state-level spatial scales (Sheffield et al., 2004), but it is an important indica-
tor of drought at various scales (Lakshmi et al., 2004; Sheffield et al., 2004). The
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VIC/iRODS modeling system created through this study provides estimates of soil
moisture across the Carolinas for the period of 1998 to 2007. The analysis demon-
strated insights of the methodological advancement in terms of accessibility, repro-
ducibility, human intervention, time consumption, and storage management for the
VIC model application for hydrologically-based drought analysis at regional spatial
scales.
5.4 System Design and Implementation
The presentation of the system design and implementation is organized within two
broad categories. In the first category discusses the server-side application for work-
flow implementation and managing datasets, while the second category focuses on the
client-side application for workflow execution using the server-side setup. Both the
server and client-side tool is designed to manage datasets using iRODS for VIC model.
Tasks associated with these categories are described in the following subsections.
5.4.1 Server-side Design and Implementation
The server-side application for iRODS is deployed on a remote server for hydrologic
analysis that is part of the DFC federated grid. The application uses input datasets
either from remote web services or a federated grid. The federated grid is a cy-
berinfrastructure that remotely connects several discipline specific resource servers.
The server accommodates data processing sequences to produce output that can be
transferred to a client.
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5.4.1.1 The DFC-Hydrology Grid
The DFC-Hydrology Grid is deployed as part of the larger DataNet Federation Con-
sortium (DFC) (Figure 5.2), which is a project funded by the National Science Foun-
dation (NSF) to support data collection, analysis, preservation, sharing, and publi-
cation of scientific data and models. The DFC-Hydrology grid consists of an iRODS
Data
DFC-Hydrology
Administration: RENCI
Metadata: RENCI
Data Resc: USC
Data Resc: NCDC
Replica Resc: RENCI
Workflow Resc: ALL
Rule Engine: RENCI
Message Hub: RENCI
Client-side script (Rule)
DFC-Federation Hub
Administration: RENCI
Metadata: RENCI
Data Resc: RENCI
Replica Resc: ITS-UNC
Workflow Resc: ALL
Rule Engine: RENCI
Message Hub: RENCI
Client
Data
i-CAT 
(metadata catelog)
Figure 5.2: Schematic diagram of the NSF supported Data Federation Consortium
(DFC) data management system showing the connections between DFC-Hydrology
with DFC-Federation Hub.
server that communicates with the iRODS metadata catalog (iCAT) database located
in the DFC-Federation Hub of the DFC grid. The server is administered by RENCI
(Renaissance Computing Institute) in Chapel Hill, North Carolina. The server con-
tains a Rule Engine (RE) that interprets rules (executed from client-slide) using
micro-services on the DFC-Hydrology or DFC-Federation Hub. The RE also connects
to the catalog server in the DFC-Federation Hub and updates the iCAT database.
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The hydrology related data collected from various external sources are stored and
preserved in the DFC-Hydrology server. The workflow can be implemented on any
of the federated servers for data collection and transformation, however, transformed
datasets are sent back to client-side. These transformed datasets are replicated using
RENCI operated resources of DFC federated grid after completing data processing
tasks in the client-side. For instance, collection of precipitation data from a remote
location is done by the DFC-Federation Hub and transformation is performed in the
DFC-Hydrology server. The iRODS server-side application automates the process of
accessing remote sources using different protocols (e.g., HTTP or FTP) for retrieving
datasets. The iRODS server-side application is responsible for managing resource
storage and federating these with other DFC grids, thereby providing seamless access
to the data stored in DFC. These grids provide continuous support for data access
and, in the case of connection failure, the federated grids provide data access from
one or more other storage resources.
5.4.1.2 Micro-service Implementation
Micro-services are the building blocks for implementing policy-based data manage-
ment within DFC grid (Rajasekar et al., 2010). A well-defined function in a micro-
service performs a specific task as part of a distributed workflow system. A number
of micro-services are available to automate data collection, processing, and storing
in the DFC federated resource servers. These micro-services are primarily developed
by system or application programmers and are compiled into the iRODS server code.
The micro-services that are applied for this study are listed in Table 5.1. These micro-
services are chained together to provide a higher-level of functionality to implement
multiple tasks. Although the flexibility to chain a number of micro-services provides
multiple ways to complete series of tasks, iRODS applies priorities and validation
conditions to select the best micro-service to complete a given task. Application
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Table 5.1: List of micro-services applied for VIC model application using iRODS.
No. Micro-services Purpose
1 msiExecCmd Execute commands
2 msiCollCreate Make data collection
3 msiDataObjCreate Create data object
4 msiDataObjWrite Write data object
5 msiDataObjClose Close data object
6 msiAddSelectFieldToGenQuery Make query for data using field
7 msiAddConditionToGenQuery Make query for data using condition
8 msiExecGenQuery Execute Query
9 msiGetValByKey Extract value from query result
10 msiSplitPath Get directory path
11 msiDataObjUnlink Delete temporary file
12 msiRmColl Remove data collection
13 msiGetSystemTime Get time stamp
of multiple micro-services in iRODS makes it possible to chain routines to perform
multiple tasks within a single workflow.
5.4.2 Client-side Design and Implementation
Client-side application is used to execute data management workflow within the fed-
erated grid. This consists of several command-line utilities known as i-commands
to manage datasets and data processing rules to execute data management work-
flow (Rajasekar et al., 2010). These i-commands are used to download and upload
data from/to the DFC grids and execute micro-services in the server-side. Further-
more, the client-side application provides opportunity to create and execute rules
to gain access to heterogeneous data sources, to process datasets into the formats
required by models or scientific communities. The rule or action is a critical and
fundamental component for iRODS. It provides a flexible mechanism to integrate ex-
ternal systems for specialized processing and metadata management (Hedges et al.,
2007, 2009). The rules implement data processing steps as policies on DFC federated
grid and respond to various requests and conditions by integrating related micro-
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services from server-side. These data processing rules, specifically for the VIC model,
are generally categorized into two separate workflows: i) data pre-processing and
ii) data post-processing. The pre-processing workflow responsible for data collection
and transformation into standard VIC format, while the post-processing workflow is
used for model results visualization. Details of these categories are discussed in the
following.
5.4.2.1 VIC Pre-processing Workflows
Data pre-processing involves collecting and transforming datasets from heterogeneous
sources. For our purpose, data are collected from the United States Geological Survey
(USGS), National Climate and Data Center (NCDC), National Center For Atmo-
spheric Research (NCAR), National Centers for Environmental Prediction (NCEP),
and Land Data Assimilation System (LDAS). These datasets are then processed in
the DFC-Hydrology grid and stored in the DFC-Federation Hub. The metadata cat-
alog in the DFC-Federation Hub is updated automatically while data is uploaded
with recent information. This metadata catalog functions as an information center
and enables for the querying of data that are stored into the grid.
Data processing workflow also includes several data-specific processing rules that
transform the collected datasets from the external sources into model readable inputs
(Figure 5.3). This data-specific rule is a combination of multiple step-based routines
each of which performs a particular task. The step-based routines are simple, such as
retrieving data, preparing data for griding, adjusting observation times, and trans-
forming grided and rescaled datasets. For our study, these step-based routines are
integrated into data-specific rules used to complete a series of tasks from collection
and transformation of the datasets into model inputs. Therefore, for each dataset,
separate rule is created to perform the data transformation tasks including the data
collection from respective sources.
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Figure 5.3: Model pre-processing workflows showing the major steps for transforming
datasets to set up a VIC model for a specific study area. Rules are initiated from a
client but executed on a server using micro-services.
The sequential implementation of the data-specific rules can be integrated into
single model-specific rule called vicDataPreprocessing.r to process complete data in-
puts for the VIC model. However, we have used six separate data-specific rules to
process the datasets for VIC model for the period of 1998 to 2007 (Table 5.2). In
the data-specific rules, step-based calculations are chained in such a way that data
processing steps are not violated and perform only designated tasks (Figure 5.3). For
example, preparation for data griding is not executed without collecting and stor-
ing data in the DFC grid or rescaling is not performed before griding the datasets.
Also, not all the data processing routines are performed for all the datasets. For
instance, preparation for data processing is not executed for wind, soil and vegeta-
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Table 5.2: List of iRODS rules created for VIC data pre-processing.
No. Rules Purpose
1 hydro1kCarolinas.r Collect HYDRO1k and Climate data for the study area
2 precipitation.r Collect and process daily precipitation data
3 temperatureMax.r Collect and process daily maximum temperature data
4 temperatureMin.r Collect and process daily minimum temperature data
5 windSpeed.r Collect and process annual wind speed data
6 soilVegetation.r Collect and process soil and vegetation data
tion datasets because these data do not require grid preparation. Overall, retrieving
data is performed by hydro1kCarolinas.r (H), windSpeed.r (W ), and soilVegetation.r
(SV ), while precipitation.r (P ), temperatureMax.r (Tx), and temperatureMin.r (Tn)
implement respective workflows for data transformation using the retrieved climate
data.
Data-specific rules mostly inherent data processing scripts from VIC model to
execute a series of routines that are associated with tasks (Table 5.2). For instance,
we have retrieved climate data (precipitation, maximum and minimum temperature
data) from DFC federated grid by implementing a rule hydro1kCarolinas.r (Figure
5.4). This rule uses a series of micro-services in the DFC federated grid and executes
series of tasks sequentially to extract and register data over a defined area in the
DFC-Federation Hub. We used the Pfafstetter Basin Code (Furnans and Olivera,
2001) for defining study area from HYDRO1k basin and DEM datasets. The cli-
mate datasets for the defined study area were downloaded via FTP from the NCDC
Global Historical Climatology Network (GHCND) database. While downloading the
climate data, a buffer of 0.25◦ was considered around the defined study area to collect
sufficient climate data. The climate data contained precipitation, maximum and min-
imum temperature, and wind speed datasets. The precipitation data was processed
using precipitation.r rule, which used the GHCND data downloaded through DFC
server and converted the station specific datasets into gridded datasets with a spatial
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Figure 5.4: Data flow in the hydro1kCarolinas.r rule that extracts climate data from
NCDC GHCND using HYDRO1k basin/DEM datasets to define a study region.
resolution of 1/8◦. Similarly, temperatureMax.r and temperatureMin.r rules down-
loaded and converted station specific temperature values into grided datasets with
1/8◦ spatial resolution. Furthermore, we also collected wind speed, soil and vegeta-
tion data from their respective sources while executing respective data-specific rules
in the DFC-Hydrology. The annual wind data were collected from NCAR/NCEP
and processed to generate grided datasets of 1/8◦ resolution for the study area using
windSpeed.r. The soilVegetation.r rule was applied to transform the LDAS soil and
vegetation information into information required for the model.
5.4.2.2 VIC Post-processing Workflows
A VIC model simulation outputs hydrologic flux and state variables for a grided dis-
cretization of the landscape. The hydrologic flux and state variables include evapo-
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transpiration, soil moisture, baseflow, and snow depth, among others. These variables
are output into text files and require additional processing in order to visualize the
model results and gain a better understand of water movement within the system
being studied. Workflows can play an important role in this regard because they
are able to automate the steps required to transform model output data into more
useful visualizations such as maps or graphs. Scientists can use workflows to more
easily visualize the VIC model predictions and can share their approaches for creating
model visualizations with other VIC modelers. Because rules are written in a simple
scripting language, it is possible for multiple stakeholders to make use of and poten-
tially modify data post-processing rules to create useful visualizations and analysis
routines that summarize model predictions.
5.5 Case Study Application
The region used for the case study application covers all the major river basins in
both North and South Carolina with a total area of 280,736 km2 (108,393 mi2) (Fig-
ure 5.5). The Pfafstetter Basin Code system was used to define this “Carolinas’’
study region from the HYDRO1k basin dataset. The codes were incorporated in the
hydro1kCarolina.r rule to extract the area during the automation of the workflow.
5.5.1 Model Description
VIC is able to simulate the land surface protion of the hydrologic cycle by solving
the full water and surface energy balance equations (Liang et al., 1994, 1996) in the
Carolinas on a daily time step. The water balance equation used in VIC can be
described as
∂S
∂t
= P − ET −R (5.1)
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Figure 5.5: Study area with major river basins in North and South Carolina, USA.
These subwatersheds were extracted using selected Pfafstetter Basin Code from the
Hydro1K dataset. The sub-watershed and stream gage station used for VIC model
calibration is also shown in the Figure.
where ∂S/∂t represents rate of change of water storage that includes both surface
and subsurface water storage, including water in the subsurface soil profile, P is
precipitation, ET is Evapotranspiration, and R is runoff. VIC also solves the energy
balance for the landscape as
Rn = H + ρwλvE +G (5.2)
where Rn is the net radiation, H is the sensible heat flux, ρw is the density of liquid
water, ρwλvE is the latent heat flux and G is the ground heat flux. These two
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equations form the basic framework for VIC and are solved for each grid cell in the
study region.
5.5.2 Model Calibration
VIC was calibrated using the following seven parameters: variable infiltration curve
(b), maximum base flow (Dsmax), fraction of base flow where base flow occurs (Ds),
fraction of maximum soil moisture content above which nonlinear base flow occurs
(Ws), mid (d2) and deep (d3) soil layer depth, and minimum stomatal resistance (r0)
(Abdulla and Lettenmaier, 1997a,b; Crow et al., 2003; Troy et al., 2008). The range
investigated and final values of the parameters applied in this study were described
in (Billah et al., 2013), and a comparison of the monthly average streamflow for the
calibrated VIC model and streamflow from the USGS steamflow station are provided
in Figure 5.6. A trial and error approach was followed for calibrating the model
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Figure 5.6: Streamflow comparison between VIC model predictions and USGS obser-
vations. The comparison is performed at the USGS station Little Pee Dee River at
Galivants Ferry, SC (Station Number 02135000).
where the model for a selected portion of the overall study region with different
parameter values. This approach was used because the model execution time for
the overall study area was too long to use the entire study region for calibration.
We compared the VIC model prediction for streamflow at the Little Pee Dee River
at Galivants Ferry stream gage station that is part of the USGS National Water
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Information System (NWIS) network (USGS 02135000; Figure 5.5) for the period of
1998 to 2007. This streamflow station has a drainage area of 7257 km2 and includes
portions of both North and South Carolina. This station was selected based on its
available time series record and because it is on an unmanaged portion of a river
network. Nash-Sutcliffe Efficiency (NSE) index between simulated streamflow using
VIC routing scheme and observed streamflow for the station, which is the commonly
used approach for evaluating VIC models, was used as an objective function in the
calibration. The NSE index of the final calibration 0.6, a value that is considered to
be a satisfactory calibration by modelers (Moriasi et al., 2007).
5.5.3 Model Results
VIC model runs generate a number of grid-based hydrologic flux and state variable
outputs. One of these outputs is soil moisture estimated for each grid cell in the
simulation domain and for each soil layer within the model. Soil moisture is an
important indicator of drought, so it was used was used as the example model output
for creating a post-processing rule. This post-processing rule (soilmoisture.r) works
by extracting model results from the various model output files, then summarizing
the soil moisture over the study region for each soil layer. The rule results in a time-
series plot of monthly soil moisture within the three VIC soil layers (Figure 5.7). The
plot of soil moisture estimates provides understanding of the impact of drought on
soil moisture, particularly the deep soil layer which is more sensitive to long term
trends in water availability compared to the middle and upper soil layers. The plot
represents the final produce from the modeling work that would be used in a journal
publication describing the work. Because generation of the plot can be easily repeated
by re-running the soilmoisture.r rule, the results presented in the journal publication
can be reproduced by other researchers.
86
Jan-98 Jan-99 Jan-00 Jan-01 Jan-02 Jan-03 Jan-04 Jan-05 Jan-06 Jan-07
0
10
20
30
40
50
M
on
th
ly
S
oi
lM
oi
st
ur
e
(%
) Comparison of Soil Moisture
Soil Moisture [top] Soil Moisture [mid] Soil Moisture [deep]
Figure 5.7: Comparison of monthly averaged soil moisture in the three soil layers
predicted by VIC model in the Carolinas for the periods of 1998 to 2007.
5.6 Summary, Discussion, and Conclusions
The hydrologic modeling process can involve many steps from data access and trans-
formation, to model setup, calibration, and validation, to analysis and visualization
of model outputs. This entire “end-to-end’’ process involves some steps that are eas-
ily automated and others that often require intervention by expert modelers. The
goal in this and related work to automate those steps that are straight forward but
tedious, while still allowing experts to guide the process and intervene when needed.
Currently too many steps that can be automated are not. As a result, modelers
are unable to focus on the important tasks that require their expertise and insights
because time must be spent on more basic data gathering and transformation steps.
Furthermore, the steps that could be automated are typically not thoroughly docu-
mented and, even if they are thoroughly documented, are time consuming to repeat.
This makes independent reproducibility of model results, a requirement for scientific
progress and water resource management objectives, difficult or even impossible.
This work addresses these challenges by leveraging the iRODS technology and
the DataNet Federation Consortium (DFC) cyberinfrastructure to create workflows
that automate pre and post-processing routines for the hydrologic model VIC. VIC
is a widely used hydrologic model that is typically applied to large spatial regions
to address questions related to water resource availability during periods of drought.
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The workflows developed for VIC include sufficient information to allow others to in-
dependently reproduce the model results, from raw data products to visualizations of
model outputs used in publications. The workflows therefore act as a means for forced
documentation of the steps used to create model input files including the provenance
of data as it is transformed from the form provided by federal and academic data
repositories to the form output by the models. In the case of VIC, and likely in the
case of other hydrology models as this work is extended to include other hydrologic
models, the workflows were created by leveraging existing scripts written to complete
specific data pre or post-processing tasks. The approach used provides a means for
placing these scripts in larger workflows and removes the need to access and under-
stand the original scripts to reproduce model results or to reuse the tools for a new
study. In the latter case, modification is only required when selecting a new area of
interest, in which the Pfafstetter Basin Codes are replaced in the shared workflow
for hydrologic systems analysis hydro1kCarolinas.r. However, all other workflows are
used without modification to automate the remaining data processing steps which
effectively build a complete VIC model that is ready for simulation.
The expected benefits from this work are primarily related to an advancement
in the methodological approaches available for hydrologic modeling. Using iRODS
has advantages that include workflow automation, datasets curation and preservation,
data replication, and workflow sharing for results reproduction. We found the iRODS
implementation to be flexible and robust, however, it required extension to develop
additional data/model-specific rules for VIC model to implement the workflows. It
was possible to design the workflows in such a way that both server-side and client-side
applications could be leveraged to perform the data gathering and preparation steps.
It was also possible to create shared workflows that emphasized the interoperability
of DFC federated grids for sharing rules and datasets among distributed users. For
instance, we applied ecohydroworkflow (Miles and Band, 2013), a shareable workflow
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for data management for hydrologic models, to collect and register GHCND and
HYDRO1k datasets from NCDC and USGS respectively in the DFC-Federation Hub.
This implementation provided an example of how datasets collected for multiple
models and applications can be easily transferred between grids within an iRODS
federation using i-commands. The ability to execute data-specific rules on the client-
side allowed for end-to-end data management, reduction of time and potential for
human error during data processing, model prediction reproducibility, large data
management, and opportunity to analyze model predictions before registering and
sharing datasets within the DFC federated grid.
The workflows created within iRODS to enable end-to-end execution of model pre
and post-processing steps are a key step to achieving reproducible hydrologic model
runs. It was possible to chain all the data pre-processing routines by including all
datasets in model-specific rule vicDataPreprocessing.r using micro-services in iRODS.
Despite the opportunity to combine all data processing routines into a model-specific
rule, the system was purposely designed in such a way that each dataset had its
own sub-workflow to transform the raw data into model readable information. Doing
so provided a level of granularity so that the data-specific rules could be later re-
used within other hydrologic modeling applications in the DFC federated grid. Data
post-processing workflows were also created to automate the tasks required to create
visualizations and publication-quality figures based on model outputs.
By running data pre-processing, model execution, and data post-processing rules
in sequence, it is possible to go from raw data from federal data repositories to figures
summarizing model outputs that are used in journal publications and conference
presentations. Having such capability would reduce human errors that could occur
by not correctly performing a transformation step during a manual execution of the
work. It would also free researchers to devote more time to enhancing, calibrating,
and validating models, rather than on tedious steps required to set-up first iterations
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of the model. A longer term goal could be for researchers to publish such workflows
that can be used to recreate publication figures as supplementation resources with
the journal paper itself.
It is important to note the specific data challenges required for a hydrologic model
application. First, VIC requires a large amount of data when applied to a region the
size of the Carolinas, and of course even more data would be required for Continental
scale model executions, which are not uncommon when applying VIC. The data used
in the VIC model pre-processing steps included meteorological datasets at stations
and on grids, topography datasets available as grids, and soil and vegetation datasets
also available as grids. Transformation of these raw input data resulted in interme-
diate datasets with different spatial projections, filled gaps, and other modifications
required before initiating the model simulation. Over the years, researchers have cre-
ated scripts for completing many of these data pre-processing steps, and so it was
relatively straight forward to wrap these scripts as iRODS rules using i-commands.
One advantage of using iRODS rather than just running the scripts outside of iRODS
is that iRODS provides a metadata server in the DFC-Federation Hub that is auto-
matically updated with information tracking the provenance of the datasets during
the transformation process. Also, the large datasets used in the VIC modeling exer-
cise were automatically curated and preserved in the DFC federated grid for future
uses and to be referenced through publications describing the analysis.
Creating data post-processing workflows provided the opportunity to visualize
model results more rapidly and interactively as part of the modeling process. The
data post-processing workflow combined results acquisition, cleaning and analyzing,
and sharing findings to expose the relationship contained within the data. Visual
observation of model results in the form anticipated for the final publication helped
in understanding how changes to both the data pre-processing steps and the model
execution steps impacted key model results. It is common that stakeholders will have
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unique interests for each model application, so creating general visualization tools
will not always be possible. Therefore, creating workflows that leverage lower-level
micro-services to visualize model results in customized ways is a power tool provided
by iRODS. This process of creating visualization is another time saving strategy that
allows the modeler to focus on model specific tasks rather than technique approaches
for transferring data between the model and a visualization system.
Questions remain regarding the level of reuse that will be practical when micro-
services and rules are used across hydrologic simulation models. There are classes
of hydrologic models that can be grouped based on the use cases considered when
developing the model. VIC falls into the “macro-scale’’ class of hydrologic models,
meaning it is typically applied to regional, continental, or even global scale hydrologic
systems. Other hydrologic models focus on more local scale systems such as a single
catchment. Different classes of hydrologic models will likely require different schemes
for pre-processing tasks such as discretizing the landscape, and will likely make use of
different raw datasets to setup and parameterize the model. A key challenge moving
forward, therefore, will be to ensure a flexible workflow environment where new data
access and transformation tools specific to certain models can be easily developed
and shared within focused hydrologic communities.
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Chapter 6
Conclusions
The research presented in this dissertation is motivated by the need to assess state-
wide drought events that severely affect water resources across the state. The drought
that stretched across the state for several years (1998 to 2002) is the primarily focus for
the work, but the approaches presented could be applied to other historical drought
events or to forecasting drought events. The primary contribution of this work is
methodological approaches that can be applied to quantify water storage at regional
scales. Water storage is defined here to mean water resources in both surface and
sub-surface environments, and the patterns and trends in water storage across the
state on annual and inter-annual time scales is a focus of the work presented in this
dissertation.
The dissertation is organized into three distinct but related studies, each re-
lated to addressing challenges in quantifying patterns and trends in water availability
across the state of South Carolina. The first study uses observational datasets and
climate reanalysis model outputs within a water balance framework to quantify water
storage patterns and trends over the study period. The second study makes use of
a hydrologic simulation model (the Variable Infiltration Capacity, VIC, model) and
remote sensing products from the Moderate Resolution Imaging Spectroradiometer
(MODIS) satellite to better quantify the evapotranspiration flux for the study region.
Finally, in the third study focuses on using advanced data management software and
cyberinfrastructure to advance methodological approaches used to apply hydrologic
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simulation models. In this chapter, each study is summarized along with general
conclusions that relate to the overarching dissertation motivation and goals.
The first study aims to improve the understanding of the variation of water
storage during and following the drought event of 1998-2002. The goal of the study
is to quantify water storage in the terrestrial environment in spatio-temporal scales
with specific focus on seasonal and interannual variations. In doing so, the study
area is first divided into a number of sub-watersheds based on drainage area between
stream gage stations to estimate local water availability at regional scale. For each
sub-watershed, observational precipitation and streamflow are synthesized with evap-
otranspiration estimates from a regional reanalysis model to compute water storage.
The results of the study show the variation in seasonal and interannual gain or loss of
water storage for each sub-watersheds. The results also show the temporal variation
in water storage over seasonal and interannual time scales for the study region. Col-
lectively, the spatio-temporal analysis quantified how severely the drought impacted
the different regions of the state.
General conclusions that can be drawn from this first study include the follow-
ing. First, the PER approach was able to compute water storage with sufficient
evidence of the drought in South Carolina during the study period. Second, com-
parison of storage change estimates with groundwater levels offers an effective means
for evaluating the PER-derived estimates. Although seasonal and inter-annual varia-
tions followed groundwater level changes, the correlation between water storage and
groundwater levels vary spatially and suggest a level of connectivity between the sur-
face and subsurface water environments. Third, a potentially valuable outcome of
this analysis was to identify sub-watersheds in the state that do not follow general
spatial and temporal variations. Such sub-watersheds may have other significant wa-
ter uses not well quantified in the water balance framework. Despite these positive
aspects of the study, there were also some drawbacks. Most significantly, uncertainty
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in the evapotranspiration estimates at regional scale biased regional water storage
estimates limited the study. Evapotranspiration estimates had to be corrected to
remove long-term biases, which is not ideal. This limitation provided the motivation
for the second study included in this dissertation.
The objective of the second study is to obtain more accurate estimates of evapo-
transpiration for South Carolina to better quantify water storage trends. The two ap-
proaches were evaluated for producing evapotranspiration estimates across time and
space for South Carolina: (i) grid-based evapotranspiration estimates using the VIC
hydrologic simulation model and (ii) MODIS-derived evapotranspiration estimates.
The PER water balanced framework used in the first study was applied in this study
as well in order to quantify the ability of the two different evapotranspiration esti-
mates to close the water budget for the study region. Quantifying evapotranspiration
across regions in space and time is a significant challenging in hydrologic analysis
because of the complexity in the physical processes that drive evapotranspiration
rates. This work therefore served as an evaluation of two existing approaches and
a methodology for evaluating evapotranspiration estimates for accuracy that can be
applied to other study regions as well.
The general conclusion drawn from this second study was that VIC-derived evap-
otranspiration rates are more realistic measure of true evapotranspiration for the
study region and period compared to MODIS-derived evapotranspiration rates. This
conclusion was reached by first incorporating both VIC and MODIS-derived evap-
otranspiration estimates into the PER framework to compute the available water
storage at regional scales. The incorporation of both VIC and MODIS derived evap-
otranspiration estimates into the PER framework results in two different estimates
of available water storage for each sub-watershed in the study domain and for each
month of the study period. These estimates of water storage can then be compared
to independent measures of water storage at regional scales such as the GRACE
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Terrestrial Water Storage (TWS) product. Therefore, when these water storage esti-
mates derived from the two evapotranspiration estimates were evaluated against the
GRACE Terrestrial Water Storage Product, VIC derived evapotranspiration showed
a better match. It is important to note that this result is likely region-specific as
MODIS or VIC may perform differently for different regions. Nonetheless, the study
does have implications for water resources management in South Carolina and poten-
tially other regions with similar climate and geology. Lastly, given that evapotran-
spiration is a particularly difficult component of a water balance to quantify at river
basin scales, perhaps the most important contribution of this work is proposing a
methodology for assessing the accuracy of evapotranspiration estimates at river basin
scales.
The final study offers methodological advancements for managing large-scale
hydrologic models. In this work, end-to-end workflows are developed to address data
management challenges associated with applying hydrologic simulation models. The
workflows are built using iRODS and deployed as part of the NSF-funded DataNet
Federation Consortium (DFC) cyberinfrastructure. The VIC model was used as the
example model for the research. Workflows for automating the data pre and post-
processing steps required for applying a VIC model so that is possible to go from
raw data sources to figures summarizing model outputs that are used in journal
publications and presentations. The work was demonstrated through a case study
where the workflows were used to build a VIC model for the Carolinas and create
visualizations summarizing the model output.
General conclusions that can be drawn from this third study include the follow-
ing. First, the study showed that it is possible to automate data management for
large scale hydrologic models using iRODS within DFC cyberinfrastructure. This
required developing data management workflow to execute in client-side and main-
taining server-side state to implement workflow. The client-side was designed to
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execute the workflow as rule with the help of micro-services that were maintained in
the server-side to connect and interact with resources from web and federated grid.
Second, the research highlighted advantages of this approach including the ability
to automate data access from heterogeneous sources and data transformations into
model specific information with minimal human intervention and time consumption,
thus reducing the potential for introducing human error into the modeling process.
It is also possible to use replication capabilities in iRODS in order to facilitate the
backing up and sharing of model files among groups of researchers that are collab-
orating to advance the model application. Finally, and perhaps most importantly,
the approach advances our ability to more easily reproduce research results that are
based on hydrologic model runs. Reproducibility of model results is an important
and nontrivial challenge when using large-scale hydologic models like VIC that re-
quire data from a variety of data providers that must be gathered, transformed, and
then applied within a model.
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